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The global energy transition to low-carbon technologies for transportation is heavily dependent on lithium. By leveraging advances in time-series econometrics we show that lithium prices (carbonate and hydroxide) have recently experienced market explosive behaviors, particularly from 2016 to mid-2018, and in most lithium markets also from October 2021 to December 2022, thus, the global lithium markets are currently experiencing explosive dynamics. These explosive episodes are accompanied by market corrections and extreme uncertainty which, in the case of lithium, may put at risk the future continuous supply needed for manufacturing lithium-based batteries for the electric vehicle. Governments and private stakeholders could reduce uncertainty imposed by these unpredictable dynamics, for instance, by establishing public stabilization funds and setting up capital buffers that help to diversify operational and market risks induced by future price reversals. Such funds should be ideally located in portfolios, such as the global stock markets or other energy commodities, which exhibit idiosyncratic explosive dynamics unsynchronized with the episodes observed in lithium markets.
Keywords: speculative processes, electric vehicle, Li-ion batteries, energy transition, risk analysis

1 INTRODUCTION
Lithium is a critical mineral that serves as a cornerstone for the global energy transition towards low-carbon transportation (Greim et al., 2020; Zhao and Baker, 2022). Its extensive applications in the energy sector, particularly in lithium-ion (Li-ion) batteries for electric vehicles (EVs), as well as in consumer electronics and starting-lighting-ignition systems, have made it increasingly significant (Department of Energy, 2020; IEA, 2020; VTO, 2020; Han et al., 2022; Lima and Feijão, 2022; Zhao et al., 2022). The adoption of Li-ion batteries is set to grow in the coming decades due to the escalating need for efficient energy storage solutions in the face of intermittent wind and solar electricity generation. These energy storage solutions involve lithium-ion batteries for grid-scale energy storage applications. Additionally, the EV market is expected to experience exponential growth, especially in China, Europe, and the United States. Analysts project that by 2030, the annual demand for mobility storage will range from 1.5 to 3.0 TW-hours (TWh), approximately four times the size in 2020. In the short term, the demand for light-duty EVs is anticipated to dominate the projections (Department of Energy, 2020).
While lithium has gained significant importance in the rechargeable battery industry, the dynamics mentioned above have also contributed to the growing demand for lithium, resulting in price fluctuations. Global sales across various markets more than doubled between 2013 and 2018, and projections indicate a four-to five-fold increase by 2030 (Department of Energy, 2020; IEA, 2020).
In terms of suppliers, during the 1990s, the United States held the position of the largest lithium producer, a situation that stands in stark contrast to the current landscape. In fact, in 1995, the U.S. alone contributed to more than one-third of the global lithium production. However, this dynamic shifted in subsequent years, and Chile emerged as the primary producer, experiencing a significant surge in production from the Salar de Atacama, a renowned lithium brine deposit. This transition allowed Chile to claim the title of the leading lithium producer until 2010. Nowadays, 90% of lithium production can be attributed to just three countries: Australia, Chile and China.
In addition to production, lithium supply chain exhibits high concentration levels. For instance, China hosts 60% of the world’s lithium refining capacity for batteries. These levels of concentration in both production and refining can endanger lithium supply and influence upward price trends.
While these trends and future demand forecasts explain the overall positive trend in lithium prices, they fail to account for the remarkable price swings observed during the same period (see Figure 1), despite changes in market fundamentals.
[image: Line chart showing various carbonate and hydroxide indexes from January 1, 2020, to March 16, 2023. The indexes increase slightly initially, followed by a sharp rise around January 2022. A red line represents the aggregated index, which peaks significantly by March 2023.]FIGURE 1 | Monthly prices in eight lithium markets around the world from January 2009 to December 2022. Note: Prices of eight lithium carbonate and hydroxide in Asia, Europe, North America and South America from January 2009 to December 2022. The red line is the first principal component of the original price series. Source: Own elaboration.
This observation suggests that market prices of lithium may not be effectively conveying the expected information as prices serve as crucial signals in markets, enabling optimal decision-making regarding supply and demand. In the context of lithium, prices provide vital information for lithium producers to determine the necessary investment to ensure the future availability of this raw mineral for its diverse applications in the energy sector.
Similar to other commodities or market assets, lithium prices are susceptible to the occurrence of price “bubbles” or other volatile dynamics. A bubble arises when prices temporarily deviate from market fundamentals. During a bubble, prices become either excessively high (positive bubble) or too low (negative bubble) compared to their expected values based on the forces of supply and demand. Bubbles are often accompanied by market corrections (crashes) and create a climate of extreme uncertainty (Kindleberger and Aliber, 2005). These phenomena can pose risks to entire industries, sectors, and even the overall economy of a region or country. Certainly, the occurrence of a price bubble in a market represents a significant market failure as it results in the inefficient allocation of resources. When prices are artificially inflated, businesses and consumers make decisions based on misleading signals, resulting in possible misallocation of investments. This can result in excessive/insufficient investments in certain assets. For instance, the bursting of the mortgage market bubble in the United States in 2007 resulted in the Global Financial Crisis from 2008 to 2009, impacting the economy on a global scale.
Bubbles can emerge due to various factors, but the primary explanations for bubbles are behavioral, particularly considering recent compelling evidence that challenges the notion of “rational bubbles” (Giglio et al., 2016). Trading activity is influenced by overconfidence and the excessive extrapolation of market trends (Barberis et al., 2018; Bordalo et al., 2020). In the case of lithium, since direct investment in the commodity is not possible, investors can indirectly participate in the lithium market by investing in lithium mining companies (Będowska-Sójka and Górka, 2022). Companies exposed to lithium price fluctuations may have substantial potential for investment returns due to the bubble-like behavior observed in lithium prices. Thus, comprehending the explosive nature of lithium prices is of utmost importance.
Given the importance of closely monitoring price dynamics and understanding the occurrence of bubbles, this study aims to leverage state-of-the-art techniques from time-series econometrics to identify and date bubbles in the lithium market. Specifically, we estimate recursive supremum Dickey-Fuller statistics (Phillips and Shi, 2020) to contrast the statistical hypothesis of a stochastic trend against the alternative of explosiveness, which is characteristic of market bubbles. Our analysis reveals strong empirical evidence supporting the presence of a large bubble in the lithium market from the beginning of 2016 to the mid-2018, and another bubble that started in October 2021 and has not yet ended as of our sample (December 2022).
In addition to the analysis of lithium prices, we analyze the price behavior of representative financial assets such as international market indices and commodities that can be used to diversify risk in a portfolio that considers investments exposed to lithium dynamics. This in order to propose the establishment of a stabilization fund supported by public sources in regions like Europe, the United States, and China, which heavily rely on lithium as a vital component for the decarbonization of their economies, particularly in the transportation sector.
Our findings underscore the importance of closely monitoring price dynamics in lithium markets and highlight the need for innovative approaches to foster market coordination and emphasize the benefits of establishing capital buffers, similar to those commonly found in the financial industry, to provide support to mineral producers and consumers. Moreover, our methodology enables the identification of bubble origination dates in real time, further enhancing our understanding of market dynamics, while highlighting the importance for governments and society to support fundamental and applied research on alternatives to Li-ion batteries (the so-called post-lithium technologies, such as sodium-ion batteries) even when such alternatives might seem, at first glance, too expensive or less than efficient, given the current dominance of the already mature infrastructure of the Li-ion battery’s industry (Duffner et al., 2021).
The remaining of the document is structured as follows. Section 2 provides the theoretical background that underlies the formation of price bubbles. In Section 3, we present the methodology used to analyze the explosive dynamics in lithium prices. Section 4 outlines the data utilized in the analysis and presents the results. In Section 5, we discuss the implications of the findings and propose potential policy recommendations. Finally, in Section 6, we present concluding remarks.
2 THEORETICAL BACKGROUND
Recent theoretical contributions highlight the role of factors such as price extrapolation, overconfidence, market incompleteness and speculation for explaining market bubbles (Abreu and Brunnermeier, 2003; Shiller, 2015; Barberis et al., 2018; Greenwood et al., 2019; Jang and Kang, 2019; Bordalo et al., 2020). In particular, price extrapolation and speculation may play a major role, judging by the prominent characteristics of historical bubbles, especially those accompanied by excessively optimistic trading observed after the adoption of a new technology such as railroads or the Internet or, in our case, increasingly favorable expectations with respect to the massive adoption of the EV in the markets of Europe, United States and China. Generally, after an economically beneficial innovation is seen accompanied by a sequence of positive news related to fundamentals, traders overinflate their beliefs in the direction of the new state of the world, i.e., positive outcomes are overvalued in expectations while negative outcomes are neglected. This is followed by an increase in price growth which encourages buying which, in turn, leads to further price increments. In this way, prices reach levels substantially above fundamental values. Finally, the bubble collapses when good news becomes marginal and cannot sustain the overpricing any longer (Bordalo et al., 2020). This results in a price crash provoked by the same extrapolative dynamics that contributed to forming the bubbles in the first place, generating dangerous negative bubbles before fundamental equilibrium is reached. One model that helps to articulate the elements outlined above in a slightly different way was proposed by (Abreu and Brunnermeier, 2003) who postulate that, in a market with rational agents, bubbles can emerge as a result of the interaction between behavioral agents and rational arbitrageurs. Behavioral agents base their portfolio decisions on fashions and sentiments and show overconfidence in recent market trends. Rational arbitrageurs base their decisions only on fundamental information, but this information is noisy and, even when rational traders believe the market will eventually collapse; they also want to ride the bubble for as long as it continues to grow and generate abnormally high returns. Rational arbitrageurs would prefer to exit the market before the crash but it is difficult to determine the perfect time to do so. The dispersion in exit strategies and lack of coordination are the causes underlying the bubble origination and persistence. The bubble finally bursts when a sufficiently high number of agents exit the market.
This process is depicted in Figure 2, where t0 corresponds to a given random point at which the commodity price exceeds its fundamental value. From this point onwards, k arbitrageurs become sequentially aware that the price has surpassed its fundamentals until reaching the point t0+ηk. However, some rational arbitrageurs do not know whether they have learned of this information before or after other rational arbitrageurs. Hence, information is not perfect. They face the decision of leaving the market or continuing to ride the explosive dynamics and gain abnormal returns. In this context, a coordination problem arises: the selling pressure only bursts the bubble (stopping the explosive dynamics) when a sufficiently large number of arbitrageurs decide to exit the market. Thus, a sharp change in the price is only possible if a sufficiently high number of agents (or some with a considerable market share) leave the market. At t0+η, all market participants are aware that price dynamics are explosive. However, an exogenous event is necessary to stop the price surge, which is ended at t0+т.
[image: Graph depicting the lifespan of a bubble, with time (t) on the x-axis and pressure (Pf) on the y-axis. It shows a rise and fall in pressure, marking the maximum lifespan with vertical dashed lines between t0 + η1 and t0 + η2. The label at the bottom reads "Maximum life span of the bubble."]FIGURE 2 | Formation and bursting of bubbles. Source: Own elaboration.
3 METHODOLOGY
3.1 Bubble detection and dating
(Phillips et al., 2015a; 2015b; Phillips and Shi, 2020) develop a Generalized Sup Augmented Dickey-Fuller (GSADF) method to test for the presence of multiple bubbles and a recursive backward regression technique to date the bubble origination and termination. GSADF tests rely on a recursive series of right-tailed ADF tests where, instead of fixing the starting point of the recursion on the first observation, the window of observations changes its sample size by changing the starting and the endpoints of the recursion on a feasible range of windows (see Figure 3).
[image: Flowchart illustrating a sample selection process with a timeline from "Sample start" to "Sample end." It shows two sections labeled "Select r1" and "Select r2," separated by the sample proportion intervals "(r2 - r1)" and "(1 - r0)" respectively. The chart indicates the steps to fix r0 between 0.01 and 1.00, alongside the label "Consider all window sizes."]FIGURE 3 | Sample sequences and window widths of the GSADF test. Source: Own elaboration.
Let us consider the following asset pricing equation:
[image: The formula represents the present value of expected utility, \( P_t = \sum_{i=0}^{\infty} \left(\frac{1}{1 + r_f}\right)^i E(U_{t+i}) + B_t \).]
where [image: Please upload the image or provide a URL so I can generate the alternate text for you.] is the price of the asset, [image: It seems there's an issue with the image upload. Please try uploading the image again or provide a URL. If you have a caption or context for the image, you can include that as well.] is the risk-free interest rate, [image: Mathematical notation showing an uppercase italicized "U" followed by a subscript lowercase "t".] represents the unobservable market fundamental factors, and [image: It appears there is an issue with displaying the image. Please upload the image file or provide a URL so that I can generate the appropriate alt text for it.] is the bubble element. Since we are considering a commodity (lithium) price instead of equity prices, we have excluded the dividend term that is commonly encountered in Eq. 1. [image: Mathematical equation showing \( P_t^f = P_t - B_t \), where \( P_t^f \), \( P_t \), and \( B_t \) are variables associated with time \( t \).] is called the market fundamental, and [image: If you have an image you'd like me to describe, please upload it or provide a URL.] satisfies the following property:
[image: Equation labeled as (2) shows the expected value of \( B_{t+1} \) as \( (1 + r_f) B_t \), where \( r_f \) is the risk-free rate.]
When [image: Please provide an image or a URL so I can generate the appropriate alternate text for you.] presents the dynamics described in Eq. 2, the asset price is said to be explosive. When the observable fundamentals are at most I Eq. 1, empirical evidence of explosive behavior in asset prices may be used in order to infer the existence of financial exuberance or price bubbles. Naturally, model specification is important for estimation. It has potential impacts on the test critical values, whether intercepts, deterministic trends, or trend breaks are included (or not) in the alternative hypothesis. Other authors include a martingale null with a negligible drift (Phillips et al., 2014), which is empirically realistic over long time periods. A model of this type can be written as:
[image: Mathematical equation illustrating a model where \( P_t = dT^n + \theta P_{t-1} + \epsilon_t \). The error term \(\epsilon_t\) follows an independent and identically distributed normal distribution with mean zero and variance \(\sigma^2\). The parameter \(\theta\) is equal to one. Equation labeled as (3).]
where [image: Please upload the image or provide a URL, and I will generate the alt text for you.] is a constant, [image: If you upload the image or provide a URL, I can help generate the alt text for it.] is the sample size, and the parameter [image: A lowercase Greek letter eta, handwritten in a slanted, cursive style, resembling an elongated letter "n" with a distinct loop on the right.] regulates the magnitude of the intercept and drift as [image: It seems there might have been an error in displaying or describing the image. If you intended to upload an image, please do so. Alternatively, you can describe the image or provide a URL for me to help generate the appropriate alt text.]. Solving for [image: Please upload the image you would like me to generate alternate text for.] in Eq. 3 leads to:
[image: Mathematical expression: \( P_t = \frac{d \, t}{T_\eta} + \sum_{j=1}^{t-1} \varepsilon_j + P_0 \). This is labeled as equation (4).]
where [image: Mathematical expression showing \( dt / T^\eta \).] corresponds to a deterministic drift. When [image: Mathematical notation showing the Greek letter eta followed by a greater than sign and zero, representing the inequality eta greater than zero.], the drift is small relative to a linear trend; when [image: The mathematical expression shows "η greater than one-half."], it is relatively small with respect to the martingale element of [image: Please upload the image or provide a URL so I can help generate the alternate text for it.]. When [image: Mathematical expression showing eta is less than one-half.], [image: Mathematical expression showing "T" raised to the power of negative one-half, multiplied by "P" subscript "t".] behaves asymptotically like a Brownian motion with drift. Specifically, for the test used in this study, we consider the case of [image: Greek letter eta (η) is greater than one-half (1/2).], in which the order of magnitude of [image: It appears that you've mentioned an equation or symbol rather than an image. Please upload the image or provide a URL for which you need alt text. If you have any captions or additional context, feel free to include them for a more accurate description.] is the same as that of a pure random walk.
The model specification in Eq. 4 is usually complemented with temporary dynamics in order to test for exuberance, as in standard ADF unit root testing for stationarity. The recursive approach involves a rolling window ADF style regression. Specifically, the rolling window regression sample starts from the [image: The image shows the mathematical notation "r subscript 1 superscript th," representing the "r-th power of r one."] fraction of the sample [image: Please upload the image or provide a URL so I can create the alt text for you.] and ends at the [image: The image shows the mathematical expression \( r_2^{th} \).] fraction of the sample, where [image: Mathematical equation displaying \( r_2 = r_1 + r_u \).], and [image: Please upload the image or provide a URL so I can generate the alternate text for you.] is the window size in relative terms.
The empirical regression model takes the following form:
[image: Mathematical equation showing the change in price, denoted as ΔPₜ, is equal to a constant α̂₁,₂ plus the coefficient β̂₁,₂ multiplied by the previous price Pₜ₋₁, plus the sum of parameters γ̂ᵢ₁,₂ times the change in previous prices ΔPₜ₋ᵢ, plus an error term ε̂ₜ, presented as Equation (5).]
where k is the (temporary) lag order. The sample size in the regressions is [image: If you upload an image or provide a URL, I can help generate the alternate text for it.], where [image: A minimalist illustration of an exclamation mark consisting of a solid vertical line and a small dot centered below it, set against a plain background.] is the floor function. The ADF statistic based on this regression is denoted by [image: Mathematical expression displaying the fraction ADF over r one, with r squared as a superscript.]. Basically, the GSADF consists of a repeated set of ADF regressions as in Eq. 5, conducted on subsamples of the data in a recursive fashion. This test allows the starting point in Eq. 5 to change within a feasible range from [image: Mathematical expression depicting the difference between two variables, \( r_2 \) and \( r_0 \).]. (Phillips et al., 2015a) and defines the GSADF statistic as the largest ADF statistic in a double recursion over all possible ranges from [image: It looks like there might have been an error in displaying the image. Please upload the image again or provide a URL.] and [image: Please upload the image or provide a URL so I can generate the alt text for it.]:
[image: The image shows a mathematical formula for GSADF(r₀) which is defined as the supremum over r₂ in the range [r₀, 1] of the augmented Dickey-Fuller test statistic ADFᵣₙ, with r₁ in the range [0, r₂ - r₀], denoted as equation (6).]
Based on extensive simulations, ref (Phillips et al., 2015a; Phillips et al., 2015b) recommend a rule for choosing [image: Please upload the image or provide a URL, and I'll be happy to generate the alt text for it.] that is based on a lower bound of 1% of the full sample [image: The formula for \( r_0 \) is given as \( r_0 = 0.01 + \frac{1.8}{\sqrt{T}} \).].
The bubble detection test is based on a double recursive test procedure, called backward sup ADF (BSADF) test, which is designed to enhance the identification accuracy of the original statistic. Specifically, the BSADF test performs a sup ADF test on a backward expanding sequence in which the endpoint of each sample is fixed at [image: Mathematical expression showing \( r_2 \), where \( r \) is the variable and the subscript is 2, indicating a second instance or version of \( r \).] and the start point varies from 0 to [image: Mathematical expression showing "r sub 2 minus r sub 0".], as shown in Figure 3. The corresponding ADF statistic sequence is [image: Mathematical expression showing open curly bracket, ADF raised to the power of r subscript 2 over r subscript 1, close curly bracket, subscript r belongs to the interval left bracket zero, r subscript 2 minus r subscript 0, right bracket.]. The backward SADF statistic is written as:
[image: A mathematical expression defines the BSADF statistic dependent on \( r_1 \) and \( r_0 \). It is the supremum over \( r \) in the interval \([0, r_1 - r_0]\) of the sequence \( \{ADF_{r_0}^r\} \). Equation is labeled as (7).]
The bubble origination date ([image: Certainly! Please upload the image or provide a URL so I can generate the appropriate alt text for you.] is established as the first observation whose BSADF statistic is higher than the critical value (Phillips et al., 2015a).of the test. The ending of a bubble is dated as the first observation after [image: Mathematical expression: a matrix-like notation \([Tr^e]\) plus \(\delta \log(T)\).] whose BSADF statistic falls under the critical value. For an exuberance episode to be considered as a bubble, its duration should exceed a minimal period represented by [image: Mathematical expression showing the Greek letter delta followed by "log" in subscript, and "T" in parentheses.], where [image: It seems like there was an error in uploading the image. Please try uploading the image again or provide a URL for me to view it.] is a predetermined parameter that refers to the minimal duration of the bubble.
Formally, the origination and the ending points of a bubble are estimated according to the following formulae:
[image: Mathematical equation showing the definition of \( \hat{r}_e \), where \( \hat{r}_e = \inf_{r \in [r_0, 1]} \{r_2 : BSADF_{r_2}(r_0) > scv_{\beta r_2}\} \). The equation is labeled with (8).]
[image: Mathematical expression for calculating \(\hat{r}_f\), defined as the infimum over \(r_2\) in the interval \([\hat{r}_e + \frac{\delta \log(T)}{T}, 1]\) of a set where \(r_2\) belongs to \(BSADE_{r_2}\) and \(r_0\) is less than a certain threshold involving \(r_2\), denoted as \(\text{scv}^{\hat{\beta}}_{r_2}\), identified as equation (9).]
where [image: Mathematical expression showing "scv" raised to "r" with a subscript "r2" and a superscript "beta".] is the [image: Mathematical expression showing "one hundred multiplied by one minus beta subscript T, percentage."] critical value of the sup ADF measure based on [image: Please upload the image or provide a URL, and I will help generate the alternate text for it.] observations. The GSADF procedure employs the backward sup ADF test for each [image: I'm sorry, I need more context or details to provide accurate alt text. Please upload the image or provide a description.] and its inferences are based on the sup value of the backward sup ADF sequence [image: I'm sorry, I can't assist with that image.]. Therefore, the GSADF statistics can be written as:
[image: Equation showing GSADF(r₀) equals the supremum over r within the interval [r₀, 1] of BSADFᵣ(r₀), with a reference to equation (10).]
3.2 Synchronization of bubbles
Novel to the literature, we propose to measure the level of synchronization between different lithium market price’ bubbles and potentially between any other pair of commodities or assets, by means of the following concordance statistic and assuming there is at least one bubble period:
[image: Mathematical formula showing the estimator "t-hat" as the ratio of two sums: the sum from t equals one to T of Sₓₜ multiplied by Sᵧₜ divided by the sum from t equals one to T of Sₓₜ. Equation number eleven is shown on the right.]
For [image: Summation notation formula: the sum from t equals 1 to T of S sub x t is greater than zero.], where [image: Please upload the image or provide a URL so I can generate the alternate text for you.] and [image: It seems there was an error or a missing image in the request. Please make sure the image is uploaded or provide a URL. If you have additional context or a caption, feel free to include that as well.] are the series of prices of two market assets, and [image: Please upload the image or provide a URL so I can generate the appropriate alt text for you.] and [image: Mathematical notation representing the symbol "S" with subscripts "y" and "t".] are binary indicators that take the value of 1 and 0 depending on whether the market is in a bubble phase or not, respectively. The concordance index reads as the proportion of time that the two series were in a bubble phase, relative to the number of periods the first asset, [image: Please upload the image or provide a URL so I can generate the appropriate alt text for you.], was in a bubble phase. A value of one indicates that every period the first market was in a bubble, the second market was in a bubble too.
When [image: Summation formula representing the sum from \( t = 1 \) to \( T \) of \( S_{xt} \) equals zero.], [image: A mathematical expression showing a symbol resembling the Roman numeral "I" with a hat above it, followed by three horizontal lines stacked vertically and equidistant, and the number zero.]. Thus, a value of zero of the concordance statistic indicates that the two markets were never in a bubble at the same time.
4 DATA AND RESULTS
4.1 Data and software
We use lithium contract prices for geographic regions retrieved by Benchmark Metals Inc., available at Bloomberg. Such contracts include negotiation prices of lithium carbonate and lithium hydroxide, selected according to their current and future relevance for the electric vehicle (VE). We consider: Asian lithium carbonate, hydroxide-Cost, Insurance and Freight (CIF) Swaps- and hydroxide-Ex Works (EXW) Swap-; European lithium carbonate and lithium hydroxide CIF swaps, North American lithium carbonate and lithium hydroxide CIF swaps, and South America lithium carbonate-Free on Board (FOB) Swap-. Our sample spans January 2009 to December 2022 and consists of monthly observations of the contract prices (168 observations). Table 1 shows lithium price descriptive statistics.
TABLE 1 | Lithium swap contracts descriptive statistics (January 2009–December 2022).
[image: The table presents summary statistics for lithium carbonate and hydroxide across various regions including Asia, Europe, North America, and South America. It lists maximum, minimum, mean, median, mode, standard deviation, kurtosis, and observations. Additional notes explain cost terms like CIF and EXW, and the data's time span from January 2009 to December 2022.]All the results were obtained using statistical software R, using the psymonitor package developed by Phillips et al. (2018) and Phillips and Shi (2020).
4.2 Lithium price bubbles
Our findings indicate that the remarkable price surge witnessed in all lithium markets between 2016 and 2018 might be attributed to speculative dynamics and the presence of bubbles. These bubbles may have emerged as a result of market overreaction to fundamental factors, particularly the increased demand for lithium in China driven by the development of electric vehicles (EVs). The duration and persistence of these bubbles vary across different geographical locations and depending on whether the market focuses on hydroxide or carbonate variants of lithium (refer to Figure 3). Furthermore, our results provide clear evidence that lithium markets currently exhibit mildly explosive dynamics characteristic of bubbles.
On the left of Figure 4, the GSADF statistic estimated as in Eq. 11 is plotted. Alongside the statistic, we present the critical values at 90%, 95%, and 99% of confidence (dotted lines). Every month that the GSADF statistic exceeds the critical value, lithium is said to exhibit a price bubble, i.e., to follow mildly explosive dynamics. The right column of Figure 2 shows the lithium contract price path and grey areas correspond to bubble phases at 99% level of confidence.
[image: Nine line graphs display countries' GDP growth alongside recession periods. Each graph features a red line for GDP growth over time, with shaded areas indicating recessions. Countries include Colombia, Thailand, United Kingdom, Europe, India, Malaysia, South Korea, Indonesia, and Canada. Each graph highlights distinct economic trends and recession impacts.]FIGURE 4 | GSADF Statistics, Lithium price and explosive periods.
In the Asian market, the three contracts in our sample exhibited explosive dynamics simultaneously; such explosive dynamics are mostly concentrated between 2016 and 2018. For instance, the lithium carbonate price shows an explosive behavior from November 2015 to April 2018 with a total duration of 30 months. In the case of lithium hydroxide EXW, the explosive dynamics took place from January 2016 to December 2017, lasting 24 months. Asia lithium hydroxide exhibits explosive dynamics from February 2016 to March 2018. For all Asian lithium prices, a bubble is detected starting in September 2021 and extending to the end of the sample.
In the European lithium market, both lithium carbonate and lithium hydroxide prices exhibit explosive dynamics with similar duration, albeit in different periods. The lithium carbonate price shows an explosive path from February 2016 to July 2018 (30 months), while lithium hydroxide shows explosiveness from March 2016 to December 2017 for a total 22 months. Both markets show evidence of a bubble from December 2021 until the end of the sample.
Lithium carbonate and lithium hydroxide prices also exhibit explosive paths in the North American market. For lithium carbonate, a bubble lasting 31 months was observed between January 2016 and July 2018. The lithium hydroxide price showed explosive behavior from January 2016 to September 2018 (33 months). The two markets show bubbles starting in October 2021 and extending until the end of the sample.
With respect to the South American lithium market, we analyze the dynamics of lithium carbonate. This price exhibits two bubble periods; the first period extends from January 2016 to October 2018, lasting 34 consecutive months, and the second period of explosive price behavior starts in December 2021 and lasts until December 2022 (end of sample).
In general, lithium prices in all the markets studied exhibit a sustained explosive pattern from the beginning of 2016 (or even late 2015) until year 2018. However, the persistence of explosive dynamics varies between markets and within types of lithium. The longest duration of a lithium bubble was recorded in the South American market (34 months for lithium carbonate). All markets show evidence of a bubble at the end of the sample (almost always starting in October 2021).
Note: On the left of the figure are plotted the GSADF statistics estimated according to Eq. 11, and the test’s critical values at 90%, 95%, and 99% of confidence. When the value of the statistic is greater than the value of the associated critical value, the lithium price is said to experience a bubble phase. Right column: The line corresponds to the lithium contract prices. The grey area corresponds to the period in which, according to the GSADF statistic (left column), the lithium price presented explosive dynamics at 99% confidence level.
4.3 Synchronization of bubbles
In Table 2, we present the concordance statistic between the bubbles of the 8 lithium markets in our sample. As can be seen, the bubbles identified in all 8 markets exhibit a high level of synchronization. There are several pairs for which the concordance statistic reaches 1, meaning that the bubbles identified for the market indicated in the first column of Table 2 occurred at the same time as the bubbles identified in other markets indicated in the first row of the table. For instance, Asia hydroxide bubble coincided 100% of the time with a bubble in Asia Carbonate and in Europe Hydroxide, and 82% of the time with a bubble in Asia EXW. However, the table is not symmetric. Using the same example, we note that the Asia carbonate bubble intercepts with the Asian Hydroxide bubble 91% of the months and with Asian EXW Hydroxide 82% of the times. This occurs because the bubbles do not have the same duration. The minimum value in the table is 57% between Europe Carbonate and Europe Hydroxide, meaning that all markets exhibit a high degree of bubbles’ synchronization.
TABLE 2 | Concordance statistics between the bubbles identified in the eight lithium markets.
[image: A correlation matrix table illustrating relationships between carbonate and hydroxide in various regions: Asia, Europe, North America, and South America. The diagonal entries are 1.00, indicating perfect correlation with themselves, while other values, such as 0.91 or 0.74, show varying correlations between different chemicals and regions.]4.4 Other markets and alternative investments for lithium stabilization funds
We test for the presence of bubbles in some global stocks and commodities markets that could serve as investment alternatives in the event that a stabilization fund for the lithium price is established. The analysis is carried out for the same sample period as before. For stock markets, we examine the price dynamics of the American, European and Asian stock markets through the following reference price indices: S&P 500 index, FTSE100 and Eurostock 50 indices, and the Asian Nikkei 225, Hong Kong Hang Seng, and TOPIX indices. In the commodity markets, we analyze exuberant price dynamics of benchmark oil prices, namely, the West Texas Intermediate (WTI) and the Brent blend. We also test for explosiveness of gold and silver spot prices under the assumption that such metals can serve as value reserve in a portfolio.
Our estimates presented in Figure 5 indicate that during the sample period the stock markets indices included in our sample did not experience bubbles, contrary to lithium price dynamics described in the previous section. In terms of commodities, we document explosive behavior for short periods, which do not coincide with explosive price dynamics in any of the lithium markets analyzed before. For instance, the BRENT oil price presents a bubble from November 2014 to January 2015, the gold spot price exhibits explosive behavior from July 2020 to August 2020, and the silver spot price in April 2011.
[image: Sixteen line graphs display time-series data for various financial instruments or indices from the late 2000s to early 2020s, with titles indicating specific stocks or currencies. Each graph shows fluctuations, peaks, and trends, plotted with red lines. Dates are marked on the x-axes, and values are on the y-axes.]FIGURE 5 | GSADF statistics, lithium price stabilization.
Only in the case of European hydroxide, which experienced an overlapping bubble with the short bubble identified in gold, was the concordance statistic different to zero (equal to 4.35%). In all other cases, the synchronization of bubbles from the perspective of lithium markets was estimated at zero.
Note: On the left of the figure are plotted the GSADF statistics estimated according to Eq. 11, and the test’s critical values at 90%, 95%, and 99% of confidence. When the value of the statistic is greater than the value of the associated critical value, the lithium price is said to experience a bubble phase. Right column: the line corresponds to the lithium contract prices. The grey area corresponds to the period in which, according to the GSADF statistic (left column), the lithium price presented explosive dynamics at 99% confidence level.
5 DISCUSSION
Bering in mind the recent literature in which speculation and extrapolative expectations are proposed as the main factors behind bubble formation, in Section 4.1, we examine the debate in the field regarding the existence of bubbles in the market of lithium. Our results clearly favor the hypothesis of a bubble (indeed, several for some lithium prices). Finally, we close this section by offering policy advice and risk management recommendations based on the synchronization results presented at the end of Section 3.
5.1 Bubbles and lithium markets
Our contribution is related to a debate that took place a few years ago in the energy field, and which has been revived in recent years following the significant decline in lithium prices observed from 2018 onwards. Debate that has regained relevance during the second half of 2021, when the new committed political global efforts to fight climate change have been accompanied by a surge in the price of lithium (see Figure 1). On the one hand, a branch of studies attributed a lithium price surge in the mid-2010s to lithium shortages, supply-demand imbalances, and production delays. On the other hand, speculative investors and the appearance of market bubbles have also been blamed for lithium’s price booms. Within the former set of advocates, several questions have been raised about lithium reserves and availability. Such questions involve the possibility of a global lithium shortage, with a supply unable to match a growing demand. The more popular reasons claimed by analysts to explain the rapid price increase include a supply squeeze of the lithium exported to China, growing long-term demand from start-up and established EV manufacturers, and a growing market for portable electronic devices (Miedema and Moll, 2013; Narins, 2017; Sun et al., 2017; Speirs and Contestabile, 2018). In the same vein, it has also been stated that this price surge was due to a consumption–production imbalance (Martin et al., 2017), following a rapid consumption growth of lithium battery applications.
However, the possibility of a lithium shortage has been ruled out by other authors (Jaskula, 2015). According to this view, lithium is readily available on Earth and, furthermore, the world could triple its production from current levels and still have 135 years of supply available using solely known reserves. An alternative explanation suggests the reporting role of the financial press (The Economist, 2016a; The Economist, 2016b; Forbes, 2016), which named lithium as the hottest commodity and documented that its demand was rising spectacularly as well as the demand for lithium-related securities, offering higher than average returns to investors.
5.2 Policy and risk-management in the face of bubbles
Results in Section 4 show that there were bubbles in the 8 lithium prices considered here. Moreover, these bubbles were synchronized with each other, meaning that bubbles across various lithium markets tend to emerge (and burst) simultaneously. This is very inconvenient from a risk management perspective because risk is poorly diversified when simultaneous bubbles originate and collapse in multiple assets or inputs at the same time. Unfortunately, the economics profession has little to say about risk-management when dealing with market bubbles, and even less if such bubbles are highly synchronized with each other. The few advances of the discipline in this direction have focused on trading and on generating models for prediction of market corrections and crashes (Greenwood et al., 2019), but have said little about how to hedge against the risk of bubble inflation and bursting. The literature has traditionally, and consistently, relegated policy action in the face of bubbles to “wait until the market corrects itself”. This was clearly the case after the dot.com bubble of technological firms that ended in 2002 in the United States NASDAQ market. However, the Global Financial Crisis, and the dramatic bursting of the mortgage market bubble that preceded the crisis, pointed to the greater dangers of the “cleaning up the mess” approach only after a bubble has burst. Following the financial crisis, there have been some attempts to provide the means to understand and manage financial bubbles when they appear, mostly from a macroeconomic perspective. More in line with the scope of our study, one of the few studies that has examined those characteristics which make a firm more resilient in the presence of bubbles (Brunnermeier et al., 2020) focuses on financial institutions. It seems that larger banks, a stronger maturity mismatch and higher loan growth tend to make financial institutions, and hence the financial system, more vulnerable to systemic risk as a consequence of market bubbles. Unfortunately, such attributes do not extrapolate to lithium producers and consumers, who belong to a different industry which is considerably less cyclical than banking.
Our approach is different. We stress that the main issue regarding the presence of bubbles in lithium markets is related to the high degree of uncertainty that accompanies their inflation and bursting. Uncertainty is known to reduce investment (Bloom, 2014). When in an uncertain environment, firms optimally decide to delay investment until after uncertainty has passed. In the case of lithium, such a strategy is suboptimal from a societal perspective, given the large implications that a lithium shortage would have for the transition of the transportation sector to a low-carbon technology, especially in Europe, China and the United States. One way to reduce the uncertainty related to lithium prices and future cash flows of lithium producers is by setting minimum prices in advanced for buying lithium, by means of derivative contracts (e.g., options). These minimum prices should be high enough to cover investment expenditures by lithium producers, which are needed to guarantee an increasing supply of lithium in the forthcoming decades. Moreover, in countries relying on Li-ion batteries for their energy transition, stabilization funds could be established that would be used in case spot prices ended up being lower than prices projected by lithium producers. These funds could, in such an event, pay the market differential between the observed spot price at the time of delivery and the contracted price of lithium set at the time of investment in exploration and extraction.
The important question remains as to where these funds should be located. In this case, instead of resorting to a traditional portfolio optimization perspective to solve the problem of capital allocation, we explore some traditional investments, which have historically depicted low synchronization with bubbles in the lithium markets. The general idea is to reduce the presence of simultaneous bubbles in the portfolio (treating lithium as an asset), given the inherent difficulty in forecasting in real time when a bubble will end (Greenwood et al., 2019). In this case, our results highlight the lowest synchronization of bubbles in lithium markets with all traditional portfolios, including stocks, precious metals and oil. The kind of analysis conducted here does not aim to be comprehensive; indeed, other market assets may (and must) be explored. Ideally, where public funds and capital buffers are to be located depends on the specific stakeholder’s asset-liability structure. Our aim is to provide a way of conducting this crucial part of techno-economic analyses which has so far been overlooked.
6 CONCLUSION
Using recent advancements in time-series econometrics, this study investigates the hypothesis of explosiveness associated with the emergence and collapse of bubbles in various lithium markets over recent decades. The empirical findings provide compelling evidence of the existence of bubbles in all the markets analyzed, with varying durations observed. Specifically, our analysis reveals that the significant price surge observed in lithium markets from 2016 to 2018 can be attributed to speculative dynamics. The duration and persistence of these explosive price dynamics differ across geographical locations and lithium types, such as carbonate or hydroxide. Furthermore, our results indicate that a bubble in lithium prices emerged in October 2021 and persisted until the end of our sample period.
Additionally, a high degree of synchronization is observed in the occurrence of bubbles across different lithium markets. This finding highlights the interconnectedness and common underlying factors driving price dynamics in these markets. Building on this observation, we conduct an analysis of price dynamics for various market indices and commodities that could potentially serve as alternatives for portfolio diversification of lithium investments. Our results suggest that these alternative markets and commodities do not exhibit explosive dynamics that align with the bubbles observed in lithium markets. Therefore, they hold potential as viable options for inclusion in a stabilization fund aimed at mitigating risks associated with lithium investments.
These findings carry significant implications for governments and various private stakeholders who rely on electric vehicles as an alternative to fossil fuel-based transportation. The presence of speculative dynamics in the lithium market, as documented in this study, could hinder access to the mineral for energy developers and jeopardize the widespread adoption of electric vehicles and the advancement of electricity storability, which is crucial for the development of low-carbon societies. Consequently, our results emphasize the importance of closely monitoring lithium prices and implementing effective measures to reduce uncertainty in cash flows for lithium producers. Such measures may include the establishment of stabilization funds backed by public sources, complemented by private initiatives utilizing derivative contracts in the sector and the establishment of capital buffers to ensure the financial stability of lithium producers. Ideally, these funds should be invested in traditional assets, such as stock indexes, which typically do not experience market bubbles simultaneously with lithium, thus diversifying the risk associated with bubble bursts. Overall, findings here call for policy measures able to safeguard the global transition to low-carbon energy transportation which, currently, is heavily dependent on lithium.
While this study sheds light on the existence of bubbles in lithium markets and provides valuable insights on policy implications, there are several limitations to consider. Firstly, the analysis relies on historical price data and does not include directly all the complex factors at play in the lithium market, such as changes in production dynamics and suppliers. Secondly, the study focuses on the identification and characterization of price bubbles, without exploring the underlying causes or predicting future scenarios. Future research could address these limitations by incorporating additional factors, exploring the drivers of bubbles, and considering a more comprehensive range stakeholders, regions and more recent price dynamics. Such research would provide a more comprehensive understanding of the dynamics and risks associated with lithium investments.
Moreover, it is important to note that lithium is not the only metal critical to achieving the renewable energy transition. Other metals like copper, nickel, cobalt, and manganese may also be exposed to similar dynamics. Therefore, monitoring and tracking the prices of these critical metals hold significant importance in the context of the energy transition and present a promising avenue for future research. Bajolle et al., 2022, de Blas et al., 2020, Shi et al., 2023.
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Whether green credit promotes heavily polluting enterprises’ energy efficiency is indeed of great practical significance for China to early achieve the “double carbon” goal. This paper uses the green credit guideline issued in 2012 as a natural experiment drawing on the relevant data of Chinese listed enterprises from 2009 to 2020. It adopts a difference-in-differences model to assess the effect of green credit guideline on energy efficiency. The research finds green credit guideline improve the energy efficiency level of pilot enterprises by 0.0141 compared to non-pilot enterprises, and green credit guideline can improve energy efficiency by encouraging enterprises to increase research and development investment. Further, trade credit promotes the positive impact of green credit guideline on the energy efficiency. Moreover, green credit guideline plays a role in stimulating energy efficiency in enterprises in regions with high marketization degree, enterprises with high liquidity ratio and state-owned enterprises.
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1 INTRODUCTION
Several countries have been sacrificing the environment for economic benefits to achieve rapid economic development in the short term. China has been no exception. In the early stage of economic construction, China paid special attention to the development of heavy industry. It failed to take into account the detrimental impacts on the environment and ignored the importance of environmental protection and sustainable development. A consequence, China’s carbon emissions are huge due to its heavy reliance on an extensive economic development model. In 2021, China’s carbon emissions have rose sharply to 12.04 billion tons, accounting for nearly 30% of the world’s total carbon emissions (IEA, 2022). In order to address environmental and climate problems, Chinese has adopted a number of environmental regulation (ER) measures. Green finance is an important part of ER (Li et al., 2022). The Chinese 14th Five-Year Plan calls for building a green development policy system and vigorously developing green finance. At the Chinese Central Economic Work Conference at the end of 2021, it was emphasized that financial institutions should be guided to increase their support for green development. As an important part of green finance, the green credit policy is essentially based on the environmental risks of the production and operation of enterprises as an important basis for loan issuance, thereby forming credit restrictions on heavily polluting enterprises, guiding funds to flow to green enterprises, and forcing polluting enterprises to transform and upgrade in the direction of high-quality development (Dong et al., 2020). The China Banking Regulatory Commission (CBRC) issued the green credit guideline (GCG) to develop special credit guidelines for heavily polluting industries in 2012. After 2012, the scale of green credit in China’s banking industry has shown an obvious growth trend in general. The growth rate of green credit scale has also remained above 14% all the year round. By 2021, the balance of green credit has exceeded 15 trillion.
China’s coal energy consumption has generated a large number of emissions of pollutants such as sulfur dioxide. At present, the problem of environmental pollution has seriously affected people’s daily life and has become the focus of attention of all social circles. The extensive development model with long-term high investment and energy consumption also consumes a large amount of energy, which makes the contradiction between energy supply and demand increasingly prominent (Jiang et al., 2022; Wen et al., 2022). Adopting reasonable and effective environmental governance policies to improve energy efficiency and environmental quality of enterprises is an important issue faced by China’s high-quality economic development (Carolyn, 2017; Natalia, 2019; Wang and Li, 2021). The GCG’s implementation will increase the financing pressure of enterprises, affect their normal business activities, and force them to make green transformation. Improving energy efficiency is the key to achieving the goals of carbon peak and carbon neutral. GCG aims to guide the Investment funds to the ecological environment industry. It helps to promote the progress of green technology and the ecologicalization of industrial structure. Ultimately it has an important impact on improving energy efficiency. Therefore, vigorously developing green credit will help promote traditional industries to reduce carbon emissions and improve production efficiency. The development of GCG is also the core of China’s economic and social low-carbon transformation. As an important participant in our country’s economy, the sustainable growth of enterprises in the future is related to our country’s economic development and residents’ employment (Jiang et al., 2023). Considering that the implementation of the GCG is affected by many restrictive factors such as the imperfect corporate environmental information disclosure mechanism and the imperfect legal and regulatory system, whether the GCG can have a substantial impact on the future energy efficiency of enterprises? It remains to be analyzed and demonstrated. Few studies have conducted an in-depth analysis of the relationship between GCG and energy efficiency, so it is necessary to further study the impact of GCG on energy efficiency, as well as its mechanism.
The exogenous shock of the implement of the GCG provides a quasi-natural experiment, based on which we construct a DID specification to investigate the causal relationship between GCG and energy efficiency, as well as its impact mechanism. The study’s findings show that compared with non-green credit restrictive enterprises, the implementation of GCG promotes the energy efficiency of green credit restrictive enterprises. GCG can improve the energy efficiency of heavily polluting enterprises by increasing R&D investment. In addition, trade credit promotes the positive impact of GCG on the energy efficiency.
Our marginal contributions are as follows. 1) We use the energy consumption data at the level of listed companies for the first time to empirically study the impact of GCG on energy efficiency. This way expands the impact of green finance on energy efficiency from the macro regional level to the micro enterprise level. To some extent, we have supplemented the deficiencies of the existing research in the analysis of the transmission mechanism of GCG at the micro level. We have also filled the research gap in the field of green finance and energy efficiency. 2) Trade credit, as an alternative financing method of bank loans, is rarely studied in the same framework as GCG, trade credit, and energy efficiency. We investigate the moderating effect of trade credit on GCG and energy efficiency to test the policy effect of GCG when heavily polluting enterprises have alternative financing. The research enriches the existing studies on the micro-effectiveness of green credit policies. 3) We discuss the differential impact of GCG on energy efficiency on the basis of the marketization level, enterprise ownership, and liquidity ratio. Then, targeted suggestions for Chinese industrial enterprises to improve energy efficiency are provided.
2 POLICY BACKGROUND
Green credit is the earliest Chinese green financial product launched. To mitigate the environmental problems caused by the blind development of highly polluting enterprises, in 2007, CBRC propose that environmental protection departments and financial institutions should cooperate with each other to strengthen environmental supervision and management on credit granting standards. Banks are not allowed to provide credit support to enterprises whose environmental protection facilities are not up to standard or whose environmental governance is not up to standard. Financial institutions must implement differentiated credit restriction policies for pollution projects that have been completed and cannot be rectified, pollution projects with controllable risks and can be rectified, and new pollution projects. This policy is generally seen as the beginning of the construction of a GCG.
The GCG formulated by the CBRC in 2012 provide guidance on the organization, process management, evaluation standards, and other aspects of green credit. It requires banks to clarify the direction in which green credit should be supported in, and strengthen the implementation of differentiated credit management systems for restricted projects and industry enterprises with significant environmental risks. The GCG includes the following key points: First, use credit thresholds and interest rate differences to implement differentiated credit policies for polluting and green enterprises, thereby forming a constraint mechanism for polluting enterprises and an incentive mechanism for green enterprises; The second is to establish and improve the evaluation index system for the implementation of green credit in banks, and promote the implementation of GCG; Third, improve the green credit statistical system of banks to provide quantitative basis for banks to formulate GCG and innovate green credit products.
Before the implementation of the GCG, although green credit’s scale was showing a gradual increase, but the growth was relatively slow. In 2011, the scale of green credit only increased by 0.895 trillion yuan from 2008. After the implementation of the GCG, green credit’s has grown at an annual growth rate of 14%. This reflects the rapid expansion of the scale of green credit after the issuance of the GCG, indicating that relevant banking and financial institutions are seriously implementing this policy and promoting the development of environmental protection through credit. Similarly, the policy also requires banks to impose credit restrictions on heavily polluting enterprises, whose development will be greatly affected by the policy.
3 LITERATURE REVIEW AND RESEARCH HYPOTHESIS
3.1 Literature review
3.1.1 Research on green credit
Two kinds of literature are closely related to research questions. The first kind’ of literature mainly studied the connotation and impact effects of green credit. When defining green credit, Labatt and Maclaren (1998) believed that green credit is ER in which the government uses financial tools to govern environmental problems. Claessens and Laeven (2004) believed that green credit could combine ER with bank credit. Thus, it not only could use financial instruments to mitigate environmental risks but also could enhance the business performance of commercial banks. Ultimately, their competitiveness could be improved. Green credit could encourage borrowers to engage in green investment activities by guiding currency funds. An et al. (2021) compared the difference between green credit and traditional credit. They found that traditional credit is a credit fund allocation that focuses on economic benefits, whereas green credit is a credit fund allocation that focuses on environmental benefits. The two are the same in essence, but their essential connotation and policy objectives differ.
The impact of green credit on the social macro economy has been studied by the existing literature. Nandy and Lodh (2012) found that green credit require commercial banks to attach importance to factors such as resources and resource protection, and pay attention to factors such as pollutant emission control and environmental protection when granting loans. He et al. (2019) discussed the theoretical significance of China’s green credit policy, which strictly restricts high pollution and high emission enterprises, and effectively promotes the transformation to a low energy consumption and low emission industrial structure. Xing et al. (2020) found that GCG can significantly reduce the credit risk of commercial banks. The expansion of the scale of green credit in commercial banks can improve the operational efficiency of commercial banks (Yang and Zhang, 2022).
To better support sustainable economic development, green credit needs the support of micro enterprise entities. With the active participation and transformation of micro entities can the implementation and practice of relevant policies be effectively carried out. Based on which, existing research has conducted a wealth of research on the micro impact of GCG. Liu et al. (2019) evaluated the implementation effect of GCG and found that GCG can better inhibit the investment of highly polluting enterprises, which can guide the transformation of industrial structure. In addition, Chen et al. (2022) found that GCG only affects short-term financing borrowings of enterprises, while banks and other financial institutions still pay attention to the repayment ability of enterprises for long-term borrowings. Due to the high interest rate of long-term loans, the increase in the financing cost of green credit for enterprises will reduce the credit support of financial institutions such as banks for enterprises (Zhang et al., 2022). Scholars have also paid attention to whether GCG can bring positive environmental effects. GCG can internalize the external costs of highly pollution enterprises, enable them to make environmentally sound and social decisions, and ultimately reduce the negative external effects (Wen et al., 2021; Zhou et al., 2023a). GCG can force enterprises to increase investment in research and development to carry out innovative activities through differentiated loan rates (Wang et al., 2022), thereby reducing pollution emissions (Guo et al., 2022).
3.1.2 The impact of ER on energy efficiency
The second kind of literature investigated the impact of ER on energy efficiency. Anderson et al. (2010) found that carbon trading can improve environmental innovation and energy efficiency in pilot areas. Based on national panel data of seven major economies in the world, Roula (2017) found that R&D investment is conducive to promoting energy efficiency under the influence of environmental policies. Curtis and Lee (2019) found that ER can significantly positively impact total factor energy efficiency. Dirckinck-Holmfeld (2015) found that the Danish government’s environmental permit is relatively vague and cannot effectively improve energy efficiency. Xie et al. (2017) studied the effect of ER measures on total factor energy efficiency in the industrial sector and found a nonlinear relationship between command control ER and total factor energy efficiency. Scholars have also explored the effect of green finance on energy efficiency based on the data of Chinese provinces or cities, and found that green finance can promote the improvement of energy efficiency (Zhou and Qi, 2022; Zhou et al., 2022; Su et al., 2022).
The above mentioned research indicates that the existing literature pays less attention to the effect of GCG on the energy efficiency. Although some literature has analyzed the impact of green finance on energy efficiency and energy intensity, these studies are based on industry or regional level data and do not use data from listed companies. Compared to micro data, conclusions and policy implications based on macro level data may be biased, which is not conducive to targeted improvement of enterprises’ energy efficiency. In China’s quest to alleviate the pressure of carbon emission reduction and achieve the “double carbon” goal, the energy efficiency level remains of great significance. Enterprises are the micro entities of social and economic activities, and only by evaluating the impact of green credit on enterprises’ energy efficiency can effectively provide guidance for enterprises’ green production activities. Therefore, the impact of GCG on energy efficiency and its impact mechanism need to be explored.
3.2 Research hypothesis
3.2.1 Impact of GCG on energy efficiency
The credit control of GCG on heavily polluting enterprises will directly affect the efficiency of capital allocation (Wen et al., 2021). The connotation of the GCG suggests that the GCG will continue to extend credit to enterprises that meet the environmental protection standards for supporting their normal production and operation. Banks shall not provide new loans and shall take reasonable measures to recover existing credit for enterprises with backward production capacity and prominent pollution problems. Meanwhile, banks can provide loans with lower interest rates for enterprises conducting green projects. The differentiated credit control measures will lead to the differentiated capital formation process of enterprises, which affects capital arrangement of enterprises. If enterprises do not conduct green transformation, then they may withdraw from the market because they do not adapt to the constraints of credit regulation (Zhou et al., 2023a). Enterprises will change their investment and production decisions to gain market competitive advantage and stakeholder trust (Wang et al., 2022). The enterprise has finally improved the energy efficiency by reducing the production of polluting products, improving the production process, and increasing the investment in green and clean projects under the constraint of GCG.
GCG not only directly restricts heavily polluting enterprises through credit control but also influences the production decisions of enterprises through market information transmission (Wang et al., 2022). Banking financial institutions allocate more funds to energy conservation and green projects in the process of environmental risk management by strictly screening environmental information of enterprises. This initiative effectively conveys the signal to investors in the market to strengthen the green allocation of funds. The credit flow of the banking industry has increased the investment risk of investors to heavily polluting enterprises, which guides social funds away from heavily polluting enterprises and more to energy conservation and green production projects (Zhou et al., 2023b). Therefore, heavily polluting enterprises will accelerate green transformation and upgrading and improve energy efficiency under the pressure of GCG. Therefore, we put forward the following hypotheses.
Hypothesis 1. China’s GCG can improve enterprises’ energy efficiency.
3.2.2 Impact mechanism of GCG on energy efficiency
Environmentally friendly investment behavior in the production activities of enterprises is conducive to obtaining sustainable competitive advantages, especially R&D investment behavior (Porter, 1991). R&D investment helps promote technological development and improve its production efficiency and energy efficiency, especially the R&D of high-performance intelligent devices and machines, which helps improve production and operation efficiency and reduce energy consumption (Niu, 2011). R&D of enterprises helps promote the development and utilization of clean technologies. These technologies help promote enterprises to transform from traditional high pollution to clean energy consumption, which improves the energy efficiency (Kazi et al., 2015). Alam et al. (2019) confirmed that R&D investment can reduce the energy consumption intensity on the basis of the micro enterprise data of G6 countries. The transformation pressure imposed by the GCG on heavily polluting enterprises through credit constraints will enable enterprises to increase their investment in R&D, which can cause improvement in production efficiency, which enhances the energy efficiency. Therefore, we put forward the following hypotheses.
Hypothesis 2. GCG mainly affects energy efficiency through R&D investment.
3.2.3 Moderating role of trade credit
Trade credit, as an informal financing method of enterprises, has a close relationship with bank loans (Nilsen, 2002). Fisman and Love (2003) found that companies in areas with low level of financial marketization would take trade credit as a new way of financing. Enterprises will turn to alternative financing methods when they face the financing constraints brought by the GCG. On the one hand, trade credit can help enterprises surmount the capital threshold, provide alternative financing methods for enterprises impacted by GCG, and enable them to have more adequate financial security when conducting green innovation activities. On the other hand, enterprises with a high level of trade credit generally maintain a long-term and stable cooperative relationship with other enterprises, and the level of information asymmetry is low. This way can also reduce the survival pressure of enterprises under the GCG. Enterprises can calmly conduct green innovation activities without worrying on whether they will squeeze production and operation funds, which will make enterprises face survival difficulties. Companies with a high level of trade credit, generally in good operating condition, can also transmit benign operating signals to the outside world. This way reduces the obstacles faced by financing through other financing methods. Enterprises with high trade credit are more capable of conducting green transformation by increasing R&D investment. Therefore, we put forward the following hypotheses.
Hypothesis 3. Trade credit promotes the positive effect of GCG on the energy efficiency.
4 METHODOLOGIES
4.1 Difference-in-differences model
To describe the policy impact and effectively overcome the related endogenous problems, we use the DID methodology to analyze the effect of GCG on energy efficiency. Take the polluting and non-polluting enterprises as the treated and control groups, respectively, and add other variables that have an impact on the energy efficiency effect. By comparing the differences between the control and treated group prior and subsequent to the implementation of the policy, the net effect of GCG on energy efficiency is measured. According to the classification standard of classified management directory of environmental protection verification industry of listed enterprises issued by the Ministry of Environmental Protection in 2008, listed firms in 16 sectors such as thermal power, steel and cement are classified as heavy polluting industry enterprises (treatment group), and firms in other industries are regarded as non-heavily polluting industry enterprises (control group). To test Hypothesis 1, based on the GCG implemented in 2012, this paper constructs the following model to test the impact of GCG on enterprises’ energy efficiency.
[image: Mathematical equation: \(EE_{it} = \alpha_0 + \alpha_1 Pollute \times Time_t + \alpha_2 X_{it} + \mu_i + \gamma_t + \epsilon_{it}\). The equation is labeled with number (1).]
Where, EE is the dependent variable, indicating the energy efficiency level of the enterprise i in the year t. The key explanatory variables Pollute × Time, Pollute is a dummy variable of the treatment group, representing the heavily polluting enterprises. We assign 1 as the treatment group, and 0 as the rest. Time is the time dummy variable before and after the implementation of the GCG. The value of the Time is 1 after the implementation of the GCG. The value of the Time is 0 before the implementation. We are most concerned about the double difference term Pollute × Time, whose estimated coefficient represents the net impact on the energy efficiency of enterprises before and after the implementation of the GCG.
4.2 Mediation effect model
Eqs 2, 3 are constructed to test the influence mechanism of GCG in promoting energy efficiency to verify Hypothesis 2. The specific models are set as follows.
[image: Mathematical equation displaying a regression model: \( RD_{it} = \alpha_0 + \beta_1 \text{Pollute}_t \times \text{Time}_t + \beta_2 X_{it} + \mu_i + \gamma_t + \epsilon_{it} \) labeled as equation (2).]
[image: Mathematical equation showing a model: \( EE_{it} = \alpha_0 + \lambda_1 Pollute \times Time_{it} + \lambda_2 RD_{it} + \lambda_3 X_{it} + \mu_t + \gamma_i + \epsilon_{it} \), labeled as equation (3).]
In Eqs 2, 3, RD represents R&D investment. The mediating effect of R&D investment can be tested by the significance of β1, λ1, and λ2.
4.3 Moderating effect model
To verify the moderating effect of trade credit on GCG and the energy efficiency, the following model is constructed:
[image: Equation for electric energy (\(EE_{it}\)) related to carbon taxes (\(TC_{it}\)), pollution (\(Pollute_t\)), and time (\(Time_t\)). Coefficients \(\beta_0\) to \(\beta_3\) apply to variables. Includes error terms \(\mu_t\), \(\gamma_i\), and \(\epsilon_{it}\).]
Variable TC refers to enterprise’s trade credit in Eq. 4. Through the significance of θ1, we can test the moderating effect of trade credit.
4.4 Data and variable
4.4.1 Data source
This study selected Chinese A-share listed firms from 2009 to 2020 as the research object and processed the data as follows: 1) excluding firms with abnormal status; 2) excluding the firms in non-industrial industries; 3) excluding firms that have been listed for less than 1 year; 4) excluding firms with serious lack of control variables. The firm data come from the Wind database. This paper obtains data of the consumption of electricity, crude oil, heat, and other energy consumption by listed companies through their social responsibility reports and annual reports. Then, referring to Su et al. (2022), based on energy emission factors, these data are calculated as the energy consumption of the enterprise.
4.4.2 Variable definition
GCG: This paper constructs an interaction term for the dummy variable enterprise type and implemented time of GCG. We investigate the relationship between these two variables. Pollute × Time measures the net effect of GCG on energy efficiency. Pollute is used to define heavily polluting enterprises, setting Pollute of polluting enterprises to 1 and Pollute of non-polluting enterprises to 0. Time is used to identify the time of GCG on the basis of the time point of policy occurrence.
Energy efficiency: According to Chen and Chen (2019), the energy efficiency of enterprises is expressed by the industrial output value per unit energy consumption, that is, the ratio of an enterprises’ industrial output to its energy consumption. We use operating income as the proxy indicator of industrial output. For comparison purpose, referring to Su et al. (2022), we convert all types of energy consumption into tones of standard coal and the energy efficiency of enterprises are measured accordingly.
RD: RD is the enterprises’ R&D investmen, which is the logarithm of R&D expenditure.
TC: Trade credit is the credit provided by suppliers who sell products or provide services to enterprises who buy products or receive services during the transaction between enterprises. Trade credit is the value that accounts payable minus the ratio of prepayments to operating costs.
Control variables: The control variables of this paper include firm level indicators. Age of enterprise (lnage) is calculated by the logarithm of the enterprise’ age. Operating income (lnincome) is calculated by the logarithm of operating income. Asset liability ratio (lnlev) is calculated by the logarithm of ratio of total liabilities to total assets. Return on assets (roa) is calculated by the ratio of the total profit to the total assets. Capital stock per capita (lncapital) is calculated by the logarithm of ratio of net fixed assets to number of regular employees. Ownership concentration (Top1) is calculated by the logarithm of the shareholding ratio of the largest shareholder. The descriptive statistics of the above variables are shown in Table 1.
TABLE 1 | Descriptive statistics.
[image: Table displaying statistical data for several variables: EE, RD, TC, lnage, lnincome, lnlev, roa, lncapital, and Top1. Each row includes the number of observations, mean, standard deviation, minimum, and maximum for the specified variable, all at 13,766 observations.]5 EMPIRICAL RESULTS
5.1 Difference-in-differences results
Table 2 shows the regression results of GCG on energy efficiency. Results of mixed regression without control variables, with control variables, with control variables and year and firm fixed effects are shown in column 1 to column 3. As column 1 to column 3 in Table 2 shows, the coefficients of Pollute × Time are 0.0203, 0.0158, and 0.0141, respectively (significant at the 1% level), indicating that GCG encourages energy efficiency of enterprises. Therefore, Hypothesis 1 is verified. In terms of the economic implications of the main regression results, the coefficient of Pollute × Time in column (3) is 0.0141, indicating that the implementation of GCG can improve the energy efficiency level of pilot enterprises by 0.0141 compared to non-pilot enterprises. GCG can effectively improve the energy efficiency of heavily polluting enterprises, indicating that GCG can force enterprises to undergo green transformation, which is consistent with the evaluation results of existing literature about green credit (Su et al., 2022; Wang et al., 2022; Zhou et al., 2023a).
TABLE 2 | Effect of GCG on energy efficiency.
[image: A regression table with three models labeled (1), (2), and (3) showing coefficients under headings "EE". "Pollute × Time" has coefficients of 0.0203, 0.0158, and 0.0141, significant at 0.001 level. Other variables include Inage, lnincome, roa, lncapital, lnlev, and Top1, with respective coefficients and standard errors. Firm FE and Year FE are marked as either No or Yes. Observations number 13,766 in all models, with R-squared values 0.0039, 0.0081, and 0.2142. Robust standard errors are noted in parentheses.]5.2 Robustness test
5.2.1 Parallel trend and placebo test
We set seven dummy variables indicating seven periods around the GCG event: Pollute×Post 2009, Pollute×Post 2010, Pollute×Post 2011, Pollute×Post 2012, Pollute×Post 2013, Pollute×Post2014 and Pollute×Post 2015. We expect the insignificant coefficients for Pollute×Post 2009, Pollute×Post2010 and Pollute×Post 2011. As column 1 to column 2 in Table 3 shows, the coefficients on Pollute×Post 2009, Pollute×Post2010 and Pollute×Post2011 are statistically insignificant, which supports parallel trends assumption. Subsequently, a placebo test was took. It was assumed that the GCG was established in 2011 and 2010, and the samples in 2012 and later was were deleted. As column 3 to column 4 in Table 3 shows, the cross-term of the results are not significant, indicating that the effects are robust.
TABLE 3 | Parallel trend and placebo test.
[image: A table displaying regression results with four columns labeled (1), (2), (3), and (4), all under the category EE. The table details coefficients and standard errors in parentheses for "Pollute × Time" and "Pollute × Post" from 2009 to 2015. Significant results are marked with asterisks: one for 0.05 level, two for 0.01 level, and three for 0.001 level. Rows at the bottom show control variables: CV, Firm FE, Year FE, Observations, and R-squared. Notably, CV is included in columns (2) to (4), and each column contains R-squared values. A note clarifies that robust standard errors are used.]5.2.2 Excluding the effect of environmental regulation
During the research period of this study, some ER implemented in China may interfere with the results of this study, and it is necessary to eliminate the interference of these ER. In 2017, China implemented the green finance pilot policy (GFPP) and carried out green finance innovation in seven provinces, including Zhejiang, Guangdong and Guizhou et al. The GFPP may affect the energy efficiency of enterprises in the pilot area through financial means. In this regard, we removed the samples in green finance pilot areas and later conducted regression. As column 1 to column 2 in Table 4 shows, the DID coefficients are positive, which proves that the effect is still robust. In 2013, China has launched a carbon trading pilot policy (CTPP) in seven provinces, including Beijing, Hubei, and Guangdong et al. The CTPP aims to encourage enterprises to reduce carbon emissions through market-oriented means, which is likely to have an impact on energy efficiency of enterprises. In this regard, the samples in pilot areas are removed and re-estimated. The DID coefficients in column 3 and column 4 are significantly positive.
TABLE 4 | Excluding the effect of ER.
[image: A table displays regression results with four columns labeled (1) to (4). Each column shows coefficients for "Pollute × Time" with robust standard errors in parentheses: 0.0135, 0.0111, 0.0163, and 0.0155, all significant at 0.1% level. Columns indicate whether control variables (CV), firm fixed effects (Firm FE), and year fixed effects (Year FE) are included. Observations count and R-squared values are provided for each column. Note mentions robust standard errors.]5.2.3 Propensity score matching method
Due to the extreme imbalance in sample size between the treatment group and the control group, as well as potential differences in company and market characteristics, it may lead to bias in the estimation of the DID model. We selected control variables as identifying characteristics of the sample and used propensity score matching method (PSM) to match heavily polluting firms and non-heavily polluting firms to eliminate sample selection bias and obtain bias-free estimates. Specifically, based on the sample from the year before the implementation of the GCG, we use the nearest neighbor matching method to match a non-pilot enterprise with similar characteristics for a pilot enterprise. The matching variables are all control variables, year fixed effect, and enterprise fixed effect in model (1). After obtaining the matched sample, the DID model is used to regress the matching results. As Table 5 shows, the DID coefficients are positive, suggesting that the conclusion of this study has good robustness.
TABLE 5 | PSM-DID.
[image: Table displaying regression results with three models labeled EE. Each model shows coefficients for "Pollute×Time," with values 0.0315, 0.0229, and 0.0213, all statistically significant. Standard errors are in parentheses. Control variables (CV), firm fixed effects (Firm FE), and year fixed effects (Year FE) vary across models: (1) has none, (2) includes CV, and (3) includes all. All models have 9,762 observations. R-squared values are 0.1342, 0.1526, and 0.3554. Note indicating robust standard errors.]5.3 Impact mechanism test
This study analyzes whether GCG affects the energy efficiency through R&D investment by using the mediating effect model constructed in Eqs 2, 3. The DID and RD coefficients in Table 6 are significant at 10%, which implies that R&D investment plays a mediating effect between GCG and energy efficiency. In other words, GCG promotes the energy efficiency of enterprises by promoting R&D investment. This result verifies Hypothesis 2.
TABLE 6 | Mediating effect of R&D investment.
[image: Table displaying two regression models labeled as (1) RD and (2) EE. For Pollute × Time, model (1) shows 0.1872 with one star and standard error 0.098, while model (2) shows 0.009 with three stars and standard error 0.0029. RD value for model (2) is 0.02 with one star and standard error 0.011. CV, Firm FE, and Year FE are marked 'Yes' for both models. Observations total 13,766 for both, with R-squared values of 0.8549 for model (1) and 0.2142 for model (2). Note: Robust standard errors are in parentheses.]5.4 Moderating effect test
This study makes a regression on Eq. 4 to test the moderating effect of trade credit on GCG and energy efficiency. The coefficients of TC × Pollute × Time in Table 7 are significant, which means that trade credit promotes the positive impact of GCG on energy efficiency. This finding verifies Hypothesis 3.
TABLE 7 | Moderating effect of trade credit.
[image: A table presents regression results for two models labeled (1) and (2). Both models include variables TC × Pollute × Time, PollutexTime, and TC with standard errors in parentheses. The coefficients for TC × Pollute × Time are 0.0029 and 0.0027, marked with asterisks indicating significance. PollutexTime shows 0.0186 and 0.018, while TC shows 0.0006 and 0.0005. Both models use Firm FE and Year FE, with observations totaling 13,766 and R-squared values of 0.2132 and 0.2142. Model (2) includes CV. A note states that robust standard errors are in parentheses.]5.5 Heterogeneity analysis
5.5.1 Heterogeneity of marketization degree
Based on research of Wang et al. (2019), this study divides samples into high level of marketization regions and low level of marketization regions. Then, the two sets of samples are subsequently regressed according to Eq. 1. As Table 8 shows, the coefficients of Pollute × Time show that GCG has a relatively large role in promoting the energy efficiency in areas with high level of marketization. The improvement in marketization level will increase the consumption demand of green products in the region, and the investment risk of the banking industry to the polluting enterprises will also rise accordingly. Banks will improve their internal risk management systems and control the direction of credit investment to reduce the environmental and reputational risks brought by polluting enterprises. In areas with high marketization degree, the infrastructure construction is more adequate, and the access to market information is more diversified and convenient. As a result, the cost of bank risk management is reduced. In addition, the competition will be better when the marketization level is higher. This situation will promote innovation ability and sustainable development level of enterprises (Matthys et al., 2020). For heavily polluting enterprises, more developed financial markets have higher capital allocation efficiency, which can effectively enhance energy efficiency under the synergy of green credit rationing with the banking industry.
TABLE 8 | Heterogeneity analysis.
[image: Table comparing different groups based on marketization, ownership, and liquidity, showing coefficients for "Pollute × Time" with robust standard errors in parentheses. Columns include: high and low marketization, state and non-state ownership, and high and low liquidity ratios. Coefficients range from 0.0099 to 0.0172 with observations and R-squared values for each category. Robust standard errors are listed, and all models include control variables, firm and year fixed effects.]5.5.2 Heterogeneity of enterprise property rights
The DID coefficient in column 3 is significantly greater than that in column 4 of Table 8, which indicate that compared to non-state owned enterprises, GCG can significantly improve the energy efficiency of state-owned enterprises. The equity nature of an enterprise can significantly affect its financing constraints. Unlike non-state-owned enterprises that are prone to credit discrimination, state-owned enterprises typically enjoy government guarantees and financial facilities, and therefore have more resources, especially for heavily polluting industries. However, the GCG requires banks to evaluate the environmental performance of enterprises, and unqualified enterprises are not allowed to borrow. Due to the fact that state-owned enterprises borrow more than non-state-owned enterprises, the potential losses after implementing the GCG will be greater. Therefore, the credit constraints of state-owned enterprises in heavily polluting industries are greater than those of non-state-owned enterprises. Therefore, GCG can affect energy efficiency by influencing the credit constraints of enterprises, so the impact of GCG on state-owned enterprises is more obvious.
5.5.3 Heterogeneity of liquidity ratio
To investigate the heterogeneous impact of GCG on energy efficiency from different liquidity ratios, this study sets a dummy variable with a value of 1 when enterprise liquidity ratio is above the median value and a value of 0 otherwise. The DID coefficients in columns 5 is significantly greater than that in column 6 of Table 8, which indicate that GCG plays a stronger role in improving the energy efficiency of enterprises with high liquidity ratio. Green project is usually characterized by long period. Thus, heavy polluting enterprises need to maintain high liquidity in capital flow for conducting green business. The enterprises with high liquidity can cope with maturity mismatch at a lower cost to obtain a higher maturity mismatch premium and interest margin. The enterprises with low liquidity may have insufficient and unstable funds to support green investment business and need to roll short-term wholesale financing more frequently from the financial market. These factors will increase their debt cost and liquidity risk. Therefore, the effect of GCG on the energy efficiency of enterprises with high liquidity ratio is more significant.
6 CONCLUSION, POLICY IMPLICATIONS AND LIMITATIONS
6.1 Conclusion
Developing low-carbon economy is an inevitable choice for many countries. Under the current economic situation in China, traditional industries are still an important component of the national economy, and some heavily polluting enterprises cannot be completely replaced. However, environmental protection is urgent. Therefore, it is particularly important to find a method that can not only improve the level of environmental protection, but also achieve economic restructuring. Based on China’s GCG program, we use a DID method to investigate the impact of green credit on firms’ energy efficiency. Our empirical results show that the GCG improves the energy efficiency of enterprises. GCG can improve energy efficiency by encouraging enterprises to increase R&D investment. Trade credit promotes the positive impact of GCG on the energy efficiency. Compared to non-state-owned enterprises, GCG can effectively improve the energy efficiency of state-owned enterprises. Compared to enterprises in regions with low marketization degree, GCG can effectively improve the energy efficiency of enterprises in regions with high marketization degree. Compared to enterprises with low liquidity ratio, GCG can effectively improve the energy efficiency of enterprises with high liquidity ratio. The results of this paper provide solid theoretical support for the Chinese government to further deepen the structural reform of the financial supply side, and provide important policy implications for promoting financial support for high-quality economic growth and establishing sustainable economic models.
6.2 Policy implications
The conclusion of this study shows that the GCG has curbed the survival and development of heavily polluting enterprises from the source of funds, promoted their change and adjustment, and provided new ideas for improving environmental economic policies and encouraging enterprise environmental governance. First, the government should fully consider and predict the role of market forces in formulating and implementing environmental economic policies, and they should also utilize them. Second, GCG do not improve the energy efficiency of enterprises with weak commercial credit financing capacity, and enterprises still lack the motivation to improve environmental performance. Therefore, environmental protection policies for these enterprises need to be improved. Third, the formation of green credit constraints causes heavily polluting enterprises to seek other financing methods or increase environmental protection investment. The government needs to strengthen the supervision of commercial banks for enabling them to effectively screen corporate environmental risks, strictly controlling the amount of credit for enterprises with poor environmental performance, and reducing credit constraints for enterprises that effectively improve their environmental performance to support their green transformation. With the gradual strengthening of public awareness of environmental protection and the gradual improvement of environmental policies, the long-term development direction of polluting enterprises is to complete the green transformation as soon as possible. Fourthly, the government needs to improve the external incentive mechanism for banking and financial institutions to practice GCG, so that commercial banks have more motivation to practice GCG and set green credit goals. It is also necessary to provide relevant training to relevant personnel of commercial banks to improve their green credit evaluation capabilities.
6.3 Limitations
Financing constraint is an important variable that affects the level of energy efficiency, and green credit can alleviate the financing constraint problem of enterprises by guiding the funds of external investors. Therefore, green credit may also improve energy efficiency by easing enterprise financing constraints. This study does not examine this impact channel because of data availability. We will empirically test this intermediary channel in the future. Owing to the lack of indicator data to measure green credit at the enterprise level, this study can only investigate the effect of GCG on energy efficiency. This study will look for proxy variables of enterprise green credit in the future to better verify the impact of green credit on energy efficiency and ensure the robustness of the research conclusions.
DATA AVAILABILITY STATEMENT
The raw data supporting the conclusion of this article will be made available by the authors, without undue reservation.
AUTHOR CONTRIBUTIONS
CgZ: Conceptualization; writing–original draft preparation; methodology; writing–review and editing. CbZ: Funding acquisition; supervision. All authors contributed to the article and approved the submitted version.
FUNDING
This paper is supported by Ningbo Natural Science Foundation Youth Doctoral Innovation Research Project (No. 2023J368).
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

REFERENCES
	 Alam, M. S., Atif, M., Chien-Chi, C., and Soytaş, U. (2019). Does corporate R&D investment affect firm environmental performance? Evidence from G-6 countries. Energy Econ. 78, 401–411. doi:10.1016/j.eneco.2018.11.031
	 An, S., Li, B., Song, D., and Chen, X. (2021). Green credit financing versus trade credit financing in a supply chain with carbon emission limits. Eur. J. Operational Res. 292 (1), 125–142. doi:10.1016/j.ejor.2020.10.025
	 Anderson, B. J., Convery, F., and Maria, C. D. (2010). Technological change and the EU ETS: the case of Ireland. J. SSRN E-lectronic 216 (1), 233–238. doi:10.2139/ssrn.1855495
	 Carolyn, F. (2017). Environmental protection for sale: Strategic green industrial policy and climate finance. Environ. Resour. Econ. 66 (3), 553–575. doi:10.1007/s10640-016-0092-5
	 Chen, Z., and Chen, Q. Y. (2019). Energy use efficiency of Chinese enterprises: Heterogeneity, influencing factors and policy implications. China Ind. Econ. 12, 78–82. doi:10.3760/cma.j.issn.0253-2727.2019.01.017
	 Chen, Z. G., Zhang, Y. Q., Wang, H. S., Ouyang, X., and Xie, Y. (2022). Can green credit policy promote low carbon technology innovation?J. Clean. Prod. 359, 132061. doi:10.1016/j.jclepro.2022.132061
	 Claessens, S., and Laeven, L. (2004). What drives bank competition? Some international 460 evidence. J. Money, Credit Bank. 36 (3), 563–583. doi:10.1353/mcb.2004.0044
	 Curtis, E. M., and Lee, J. M. (2019). When do environmental regulations backfire? Onsite industrial electricity generation, energy efficiency and policy instruments. J. Environ. Econ. Manag. 96, 174–194. doi:10.1016/j.jeem.2019.04.004
	 Dirckinck-Holmfeld, K. (2015). The options of local authorities for addressing climate change and energy efficiency through environmental regulation of companies. J. Clean. Prod. 98, 175–184. doi:10.1016/j.jclepro.2014.12.067
	 Dong, Q. M., Wen, S. Y., and Liu, X. L. (2020). Credit allocation, pollution, and sustainable growth: Theory and evidence from China. Emerg. Mark. Finance Trade 56, 2793–2811. doi:10.1080/1540496x.2018.1528869
	 Fisman, R., and Love, I. (2003). Trade credit, financial intermediary development and industry growth. J. Finance 58 (1), 353–374. doi:10.1111/1540-6261.00527
	 Guo, L., Tan, W., and Xu, Y. (2022). Impact of green credit on green economy efficiency in China. Environ. Sci. Pollut. Res. 29, 35124–35137. doi:10.1007/s11356-021-18444-9
	 He, L. Y., Zhang, L. H., Zhong, Z. Q., Wang, D., and Wang, F. (2019). Green credit, renewable energy investment and green economy development: Empirical analysis based on 150 listed companies of China. J. Clean. Prod. 208, 363–372. doi:10.1016/j.jclepro.2018.10.119
	 IEA (2022). World energy outlook. 
	 Jiang, H. D., Purohit, P., Liang, Q. M., Dong, K., and Liu, L. J. (2022). The cost-benefit comparisons of China's and India's NDCs based on carbon marginal abatement cost curves. Energy Econ. 109, 105946. doi:10.1016/j.eneco.2022.105946
	 Jiang, H. D., Purohit, P., Liang, Q. M., Liu, L. J., and Zhang, Y. F. (2023). Improving the regional deployment of carbon mitigation efforts by incorporating air-quality co-benefits: A multi-provincial analysis of China. Ecol. Econ. 203, 107675. doi:10.1016/j.ecolecon.2022.107675
	 Kazi, S., Rawshan, A. B., Sharifah, M., and Jaafar, M. (2015). Dynamics of energy use, technological innovation, economic growth and trade openness in Malaysia. Energy 90, 1497–1507. doi:10.1016/j.energy.2015.06.101
	 Labatt, S., and Maclaren, V. W. (1998). Voluntary corporate environmental initiatives: A typology and preliminary investigation. Environ. Plan. C Gov. Policy 16 (2), 191–209. doi:10.1068/c160191
	 Li, K., Tan, X. J., Yan, Y. X., Jiang, D., and Qi, S. (2022). Directing energy transition toward decarbonization: The China story. Energy 261, 124934. doi:10.1016/j.energy.2022.124934
	 Liu, X., Wang, E., and Cai, D. (2019). Green credit policy, property rights and debt financing: Quasi-natural experimental evidence from China. Finance Res. Lett. 29, 129–135. doi:10.1016/j.frl.2019.03.014
	 Matthys, T., Meuleman, E., and Vander, V. R. (2020). Unconventional monetary policy and bank risk taking. J. Int. Money Finance 109, 102233. doi:10.1016/j.jimonfin.2020.102233
	 Nandy, M., and Lodh, S. (2012). Do banks value the eco-friendliness of firms in their corporate lending decision? Some empirical evidence. International Review of Financial Analysis 25 (6), 83–93.
	 Natalia, Z. S. (2019). Trade in environmental goods and air pollution: A mediation analysis to estimate total, direct and indirect effects. Environ. Resour. Econ. 74 (3), 1125–1162. doi:10.1007/s10640-019-00363-6
	 Nilsen, J. H. (2002). Trade credit and the bank lending channel. J. Money Credit Bank. 34 (1), 226–253. doi:10.1353/mcb.2002.0032
	 Niu, Y. (2011). The economic thinking on low carbon economy. Energy Procedia 5 (1), 2368–2372. doi:10.1016/j.egypro.2011.03.407
	 Porter, M. E. (1991). America's green strategy. Sci. Am. 264 (4), 193–246. 
	 Roula, I. L. (2017). Social rate of return to R&D on various energy technologies: Where should we invest more? A study of G7 countries. Energy Policy 101, 521–525. doi:10.1016/j.enpol.2016.10.043
	 Su, Z. F., Guo, Q. Q., and Lee, H. T. (2022). Green finance policy and enterprise energy consumption intensity: Evidence from a quasi-natural experiment in China. Energy Econ. 115, 106374. doi:10.1016/j.eneco.2022.106374
	 Wang, H., and Li, S. (2021). Asymmetric volatility spillovers between crude oil and China's financial markets. Energy 233, 121168. doi:10.1016/j.energy.2021.121168
	 Wang, H. T., Qi, S. Z., Zhou, C. B., Zhou, J., and Huang, X. (2022). Green credit policy, government behavior and green innovation quality of enterprises. J. Clean. Prod. 331, 129834. doi:10.1016/j.jclepro.2021.129834
	 Wang, X. L., Fan, G., and Hu, L. P. (2019). China’s marketization index report by province (2018). Beijing: Social Sciences Literature Press. 
	 Wen, H. W., Jiang, M., and Zheng, S. F. (2022). Impact of information and communication technologies on corporate energy intensity: Evidence from cross-country micro data. J. Environ. Plan. Manag. 11, 1–22. doi:10.1080/09640568.2022.2141104
	 Wen, H. W., Lee, C. C., and Zhou, F. X. (2021). Green credit policy, credit allocation efficiency and upgrade of energy-intensive enterprises. Energy Econ. 94, 105099. doi:10.1016/j.eneco.2021.105099
	 Xie, R. H., Yuan, Y. J., and Huang, J. J. (2017). Different types of environmental regulations and heterogeneous influence on “green” productivity: Evidence from China. Ecol. Econ. 132, 104–112. doi:10.1016/j.ecolecon.2016.10.019
	 Xing, C., Zhang, Y. M., and Wang, Y. (2020). Do banks value green management in China? The perspective of the green credit policy. Finance Res. Lett. 35, 101601. doi:10.1016/j.frl.2020.101601
	 Yang, Y., and Zhang, Y. L. (2022). The impact of the green credit policy on the short term and long-term debt financing of heavily polluting enterprises: Based on PSM DID method. Int. J. Environ. Res. Public Health 18, 11287–11319. doi:10.3390/ijerph191811287
	 Zhang, A. X., Deng, R. R., and Wu, Y. F. (2022). Does the green credit policy reduce the carbon emission intensity of heavily polluting industries? -Evidence from China's 17 industrial sectors. J. Environ. Manag. 331, 114815. doi:10.1016/j.jenvman.2022.114815
	 Zhou, C. B., Li, Y. K., and Zheng, S. K. (2022). Has the carbon trading pilot market improved enterprises’ export green-sophistication in China?Sustainability 14, 10113.
	 Zhou, C. B., and Qi, S. Z. (2022). Has the pilot carbon trading policy improved China's green total factor energy efficiency?Energy Econ. 114, 106268. doi:10.1016/j.eneco.2022.106268
	 Zhou, C. B., Zheng, X. S., Qi, S. Z., Li, Y., and Gao, H. (2023a). Green credit guideline and enterprise export green-sophistication. J. Environ. Manag. 336, 117648. doi:10.1016/j.jenvman.2023.117648
	 Zhou, C. B., Qi, S. Z., and Li, Y. K. (2023b). China’s green finance and total factor energy efficiency. Front. Energy Res. 1, 1076050. doi:10.3389/fenrg.2022.1076050

Conflict of interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2023 Zhang and Zhou. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
		ORIGINAL RESEARCH
published: 15 September 2023
doi: 10.3389/fenrg.2023.1222306


[image: image2]
Suitability of photovoltaic development and emission reduction benefits based on geographic information sensing and multi-criteria decision making method—an example from Inner Mongolia Autonomous Region
Wei Xu1, Zhenling Liu1* and Susu Liu2
1College of Civil Engineering, Inner Mongolia University of Science and Technology, Baotou, China
2College of Life Sciences, Sun Yat-sen University, Guangzhou, China
Edited by:
Xiaofeng Xu, China University of Petroleum, China
Reviewed by:
Agnimitra Biswas, National Institute of Technology, Silchar, India
Christian Wagner, Georgetown University, United States
* Correspondence: Zhenling Liu, m17861856998@163.com
Received: 14 May 2023
Accepted: 07 September 2023
Published: 15 September 2023
Citation: Xu W, Liu Z and Liu S (2023) Suitability of photovoltaic development and emission reduction benefits based on geographic information sensing and multi-criteria decision making method—an example from Inner Mongolia Autonomous Region. Front. Energy Res. 11:1222306. doi: 10.3389/fenrg.2023.1222306

With the rapid development of the photovoltaic (PV) industry, the problem of the blind construction of PV power plants is becoming increasingly prominent. Thus, the scientific evaluation of the suitability of regional PV products, power generation potential, and emission reduction benefits is of great significance to the sustainable development of the PV industry. In this study, geographic information sensing and multi-criteria decision making methods are to be combined to calculate a PV development suitability index based on meteorology, topography, location, and vegetation to characterize the spatial patterns of the PV development in the Inner Mongolia Autonomous Region. Subsequently, the power generation potential and emission reduction benefits under different development scenarios were quantitatively assessed. The particularly suitable, and more suitable areas for the PV development in the Inner Mongolia Autonomous Region are 23.66% of the total area. Among these, the more suitable areas are the most extensive. The suitability of PV development in the western part of the Inner Mongolia Autonomous Region is more than that in the central and eastern parts. The suitable areas are mainly distributed in the Alashan League and Bayannur City in the west. Thus, the Inner Mongolia Autonomous Region has enormous potential for electricity generation. The development of 12.57% of the particularly suitable areas can meet the electricity consumption of the Inner Mongolia Autonomous Region in 2021. Moreover, sensitivity analysis is conducted to investigate the impacts of system efficiency variation on energy output. The distribution of the power generation potential and electricity demand in the Inner Mongolia Autonomous Region has robust spatial heterogeneity. PV power generation can achieve remarkable energy saving and emission reduction. If all particularly suitable areas are developed, the annual carbon emission reduction of the Inner Mongolia Autonomous Region will be approximately 2,446,621,000 t, which is 4.46 times the total carbon emission of the Autonomous Region and 21.2% of the total carbon emission of China in 2021. Therefore, this study provides a scientific reference and guide for selecting suitable sites for PV power plants and their sustainable development in the Inner Mongolia Autonomous Region.
Keywords: geographic information sensing, multi-criteria decision making, photovoltaic power generation, suitability, generation potential, emission reduction benefits

1 INTRODUCTION
1.1 Importance of PV development suitability evaluation
With the dual challenge of global carbon emission reduction and the energy crisis, establishing an energy system with renewable energy is vital to solving these problems (Ren et al., 2020). Compared to other renewable energy sources, solar energy has the advantages of wide distribution, local availability, absence of transportation, and low environmental impact (Shukla et al., 2022). Photovoltaic (PV) power generation is one of the main methods for using solar energy. The development of PV power plants is essential for global carbon emission reduction and ecological improvement (Guo et al., 2023). The evaluation of the suitability of regional PV development is a prerequisite for the development and use of solar resources, which is essential to ensuring the economic benefits and scientific development of solar PV projects (Höfer et al., 2016).
1.2 Methods for evaluating the suitability of PV development
With the development and popularity of geo-information technology, some researchers have combined geo-information technology with multi-criteria decision making (MCDM) methods to address the siting and generation potential of PV plants (Giamalaki and Tsoutsos, 2019). For example, the combination of geographic information sensing (GIS) with an analysis hierarchical process (AHP) can identify the optimal sites for PV and concentrating solar power plants, and the power generation potential of significant sites was evaluated based on the selected evaluation factors, such as climate, topography, water sources, and road networks, using the Ningxia Hui Autonomous Region of China as an example (Sun et al., 2021). With the combination of fuzzy logic and AHP, the suitability of the PV development in Khuzestan Province, Iran was studied by selecting climatic, topographical, and economic indicators, and using GIS to determine the optimal site for PV power plants (Noorollahi et al., 2022). Using AHP to determine the weights of the suitability evaluation indicators, such as solar radiation and topography, the suitability of the PV development in Kuwait was assessed through GIS, and the PV power generation potential in the particularly suitable areas was evaluated (Rawa et al., 2021). GIS tools were used to analyze the sites for PV development in China with topography and solar radiation as indicators, and the solar potential was calculated based on geographical, technical, and economic aspects (Zhang et al., 2020). There are fewer studies on the analysis of PV generation potential and energy demand. Some scholars have conducted a spatial analysis of generation potential and electricity demand by overlaying night-time lighting data with generation potential. For example, the relationship between electricity demand and PV generation potential in India was analyzed using night-time light data (Tripathy B R, 2018).
1.3 Shortcomings of current methods for evaluating the suitability of PV development
Combining GIS and MCDM methods is a viable method for analyzing the location and generation potential of PV developments (Alami Merrouni et al., 2018a). However, the selection and classification of suitability evaluation indicators in previous studies need to be improved. Existing studies have focused on meteorology, topography (Sun et al., 2013; Elboshy et al., 2022), and location in selecting suitability evaluation indicators, whereas the vegetation, rivers, and distance to protected areas are rarely incorporated as evaluation indicators. In addition, most existing studies have assessed the potential of PV power generation in the study area (Aboelmaaref et al., 2020; Nyimbili and Erden, 2020). However, PV development is influenced by many factors and is subject to a gradual process, and there is a lack of assessment of the potential and emission reduction benefits of PV power generation from the perspective of different development intensities. In terms of the analysis of PV power generation potential and electricity demand, the research is mainly based on the spatial analysis of power generation potential and electricity demand through the superimposition of nighttime lighting data and power generation potential. The night-time light data can reflect the regional electricity demand to a certain extent, but it does not represent the regional electricity demand completely accurately, and the accuracy and reliability of the analysis of PV power generation potential and electricity demand need to be improved.
1.4 Optimisation methods for suitability evaluation of PV development
This study combines the GIS-MCDM method with meteorological, topographical, vegetation, location, vegetation, river, and protected area evaluation indicators to create a PV development suitability evaluation index system, making the suitability evaluation results more accurate (Springer and Thomas, 2013; Hermoso et al., 2023). It is applied in the Inner Mongolia Autonomous Region, China to provide more insights into local solar energy development and assist decision makers with site selection in practice. Secondly, this study assesses the PV power potential at different development ratios and also conducts a sensitivity analysis to explore the impact of efficiency changes on the estimated PV power potential, which is more in line with the scenario of PV development in practice. In addition, based on the government statistics of the whole society’s electricity consumption data, this study makes a comparative analysis of PV power generation potential and electricity demand from the perspective of the whole society’s electricity consumption, which makes the analysis results more accurate and credible and provides strong support for the adjustment of energy structure and reasonable development of PV industry in Inner Mongolia Autonomous Region. The obtained results can facilitate decision making on the strategic planning of solar energy and attract investment in relevant energy infrastructure (Lee et al., 2018; Mitra et al., 2022).
2 DATA SOURCES AND STUDY AREA
2.1 Data sources

	1) Remote sensing data. The overall horizontal irradiation data were derived from multi-year averages from Global Solar Atlas v2.8 (https://globalsolaratlas.info/), regarding (Sun et al., 2021). The solar radiation data for the Inner Mongolia Autonomous Region were obtained by cropping by mask extraction from the Boundary of Inner Mongolia Autonomous Region Administrative Region and GIS Spatial Analysis Tool. The normalized difference vegetation index (NDVI) data were obtained from the MODISMOD13A1 product released by the National Aeronautics and Space Administration (https://www.nasa.gov/) with a temporal resolution of 16 days and spatial distribution of 500 m. The data used in this study are averages from 2012 to 2022. The land use type data was sourced from Globeland30 (2020 version) (http://www.globallandcover.com/), which is a global land cover database, at a spatial resolution of 30 m. The data was divided into ten land types, such as grassland arable land, and water bodies. Referring to Hassaan et al. (2021) study, the land use type data of the Inner Mongolia Autonomous Region were obtained by cropping the administrative boundaries of the Inner Mongolia Autonomous Region and the mask extraction function of the GIS spatial analysis tool. It was also divided into two categories, restricted and unrestricted areas, and the restricted areas were excluded.
	2) Meteorological data. The China Meteorological Data Sharing Service network (http://data.cma.cn/) was used to obtain the daily temperature, precipitation, wind speed, and sunshine hours for 45 meteorological stations in the Inner Mongolia Autonomous Region. The data used in this study are averages from 2012 to 2022. Referring to (David et al., 2000), the temperatures were spatially interpolated using the SPLINA module of the Anusplin software. The parameter SIGNAL is 18.5, which is less than half of the interpolation number of meteorological station points, proving that the interpolation method is feasible. Precipitation, wind speed, and sunshine hours were spatially interpolated in Lee (2022) study using the Kriging method of interpolation analysis in the GIS spatial analysis tool.
	3) Basic geographic element data. The data on the roads, settlements, protected areas, rivers, and administrative boundaries were derived from the 1:1 million national primary geographic databases (https://www.webmap.cn/). Referring to (Kocabaldir and Yucel, 2023), the corresponding layers were obtained through Euclidean distance analysis in the GIS spatial analysis tool distance analysis.
	4) Topographic data. Digital elevation model data were obtained from the Geospatial Data Cloud Platform (https://www.gscloud.cn/) at a spatial resolution of 90 m. Slope and slope direction data were generated using slope and slope direction analyses for surface analysis in the GIS spatial analysis tool, according to (Grenon and Laflamme, 2011).
	5) Socio-economic data. 2021 social electricity consumption by all municipalities in the Inner Mongolia Autonomous Region is from the Inner Mongolia Statistical Yearbook (2022) published by the Statistics Bureau of the Inner Mongolia Autonomous Region (http://tj.nmg.gov.cn/). Data on China’s average coal consumption for electricity supply, total carbon emissions, and unit emission reductions in 2021 are from the China Statistical Yearbook (2022) published by the China Statistical Bureau (http://www.stats.gov.cn/).

All data used in this study have undergone projection transformation, shearing, and resampling (Almasad et al., 2023). The coordinate system is WGS_1984_UTM_zone_50N with a uniform spatial resolution of 500 m × 500 m. All the above various variables with different natures influence the site selection for solar power plant installation simultaneously. To avoid overlap and bias in the assessment results due to uncertainty in the data, standardization was carried out by classifying each type of data into 10 categories using the natural breakpoint method of GIS. The cell values of the input rasters were sorted and reclassified according to a common hierarchical scale (from 1 to 10), and Table 1 shows the grading criteria for PV suitability assessment and their reclassification scores. The natural breakpoint method is a classification method that comes with GIS and mainly uses the idea of clustering to maximize the similarity within each group and the dissimilarity between external groups. The natural breakpoint method will also take into account the range and number of elements between each group as similar as possible, avoiding the subjectivity brought by artificial classification.
TABLE 1 | Evaluation criteria and their reclassification with the corresponding scores.
[image: A table with columns for value scores from ten to one, containing tier one indicators for meteorology, terrain, location, and vegetation. Each tier lists secondary indicators like solar radiation, sunshine hours, temperature, and more, with value ranges for each score.]2.2 Overview of the study area
The Inner Mongolia Autonomous Region is located in northern China with the geographical coordinates of 37°24′to 53°23′north latitude and 97°12′to 126°04′east longitude. It has a total regional area of 118.3 km2 and a population of approximately 24,012,000, including 12 league cities, such as Hohhot, Baotou, and Erdos. It is separated into three regions, namely, western (Baotou, Erdos, Wuhai, Bayannur, and Alashan League), central (Hohhot, Ulanqab, and Xilingol League), and eastern (Chifeng, Tongliao, and Hulunbeier). Its average altitude is 1,800 m above sea level (Figure 1A). There are eight types of land use in the Autonomous Region, including grassland, arable land, and forest (Figure 1B). The Inner Mongolia Autonomous Region has a temperate continental climate with abundant sunshine and low precipitation (Zhao et al., 2022; Wang et al., 2023a).
[image: Map A illustrates the elevation of a region with colors ranging from light green to purple, marking meteorological stations with red triangles. Map B depicts the same region's land use, with colors indicating arable land, forests, grassland, shrubbery, wetlands, water bodies, building sites, and bare ground. A compass rose shows north direction.]FIGURE 1 | Overview of the study area. (A) Distribution of elevations and meteorological stations in the study area, (B) Land use.
2.3 Analysis of the solar resources in the study area
The multiyear solar radiation averages in the Inner Mongolia Autonomous Region range from 1,021.27 to 1,822.445 kWh/m2 (Figure 2A) for all leagues and cities. The amount of solar radiation in the western part of the Inner Mongolia Autonomous Region is higher than that in the eastern part with Alashan League having the largest annual radiation output of approximately 1,820 kWh/m2. The solar energy resources in the Inner Mongolia Autonomous Region are divided following the solar energy resource criteria in the meteorological industry standard of the People’s Republic of China (Solar Energy Resource Assessment Standard for Grid-connected Photovoltaic Power Plants; QX/T89-2008) issued by the China Meteorological Administration (https://www.cma.gov.cn/) (Table 2). The results are shown in Figure 2B. Most of the leagues and cities in the autonomous region are rich in resources with Hulunbeier among the more resource-rich regions and Alashan League as the most resource-rich region. The distribution of days with sunshine hours of >6 h in the Inner Mongolia Autonomous Region is shown in Figure 2C. The highest number of days is distributed in the Alashan League and Chifeng City, and the lowest number of days is distributed in Hulunbeier City. The distribution of solar stability within the Autonomous Region is shown in Figure 2D, in which minimal variations are noted between the leagues and cities; all of which belong to areas with stable solar resources according to the classification criteria of China (Table 3). The ratio between the maximum and minimum number of days with >6 h of sunshine per month was used to assess the stability of solar resources; the lower the ratio, the more stable the solar resources are. With a cumulative installed PV capacity of 15.508 million kW and a new installed capacity of 1.444 million kW in 2022, the Inner Mongolia Autonomous Region is the largest new energy base in China and the first batch of national comprehensive renewable energy demonstration zones (Xu et al., 2020) with a huge potential for PV development.
[image: Map series of Pakistan showing four types of data: A) Total radiation in megajoules per square meter, ranging from low in purple to high in red; B) Radiation levels with a color scale; C) Number of clear days varying from low in blue to high in green; D) Data distribution with color gradients. North is indicated by compass symbols in each map.]FIGURE 2 | Distribution of solar resources in the study area. (A) Spatial distribution of total solar radiation, (B) Distribution of solar resource abundance, (C) Distribution of days with > 6 h of sunshine, (D) Stable distribution of solar resources.
TABLE 2 | Classification of solar resource abundance.
[image: Chart showing total annual radiation exposure classes: ≥1,750 kWh/m² graded as "Richest" with classification I; 1,400 to 1,750 kWh/m² as "Very rich" with classification II; 1,050 to 1,400 kWh/m² as "Richer" with classification III; <1,050 kWh/m² as "General" with classification IV.]TABLE 3 | Classification of solar resource stability.
[image: Table showing solar resource stability indicators and their corresponding stability levels. Indicators less than two are labeled as stable, between two and four as more stable, and greater than four as unstable.]3 RESEARCH PROCESS AND METHODOLOGY HEADINGS
3.1 Technical lines of research
This study combined GIS with the MCDM method to evaluate the suitability of PV development in the Inner Mongolia Autonomous Region (Ouchani et al., 2021). The flow of this study is shown in Figure 3, and the research process is divided into three steps. Firstly, the basic overview of the Inner Mongolia Autonomous Region and its solar energy resources were analyzed. Restricted areas, such as protected, built-up, and water areas, are unsuitable for the construction of PV plants; thus, they were excluded. By selecting four primary and 12 secondary indicators, the suitability evaluation index system for PV development was constructed. The suitability evaluation was carried out on the areas. Based on the evaluation results, the sites were classified into five categories, namely, unsuitable, less suitable, suitable, more suitable, and particularly suitable, and their spatial distribution characteristics were obtained. Finally, the PV power generation potential and emission reduction benefits in the Inner Mongolia Autonomous Region under different development intensities were estimated considering the power generation efficiency and loss rate of the PV panels.
[image: Flowchart illustrating three methodologies for research: "Desk and Structured Data Reading," "CHV Brand MER Model for Sensorial Realities," and "Analysis of Needs with Observations." Each section details processes, starting with initial steps to final outcomes, using boxes connected by arrows to show progression and relationships.]FIGURE 3 | Flow chart of the study.
3.2 Screening of the restricted areas
The sites that are unsuitable for constructing PV plants are restricted areas owing to topographical and legal factors (Dawson and Schlyter, 2012). These sites in the Inner Mongolia Autonomous Region were classified into three categories: protected areas, land cover areas, and water areas.
3.2.1 Protected areas
Protected areas are divided into three main land types: forests, grasslands, and shrublands. Cutting down the trees and foliage in the woodlands and shrublands in the Inner Mongolia Autonomous Region to create solar power facilities is legally prohibited to maintain biodiversity and prevent land degradation (Bórawski et al., 2023). The Inner Mongolia Autonomous Region has a well-developed livestock industry, which occupies an important position in its economic and social development. The grasslands are the basis for the development of livestock farming; thus, it is unsuitable for constructing PV power plants.
3.2.2 Land cover area
The land cover area mainly includes two types of land, construction, and arable lands. Construction land is specifically allocated for urban residents, transport facilities, and industrial and mining. Arable land refers to agricultural land. These land types are not suitable for building PV power plants and are excluded in this work as restricted areas (Ziuku et al., 2014).
3.2.3 Water area
Water areas include two main types of land use: water bodies, which include rivers, lakes, and reservoirs, and wetlands, which are land with shallow water and excessively wet soil in the border zone between land and water. Neither the water bodies nor the wetlands are suitable for constructing PV plants (Shriki et al., 2023).
3.3 Analysis of the selection of evaluation indicators
The suitability evaluation of PV power plants needs to consider the influence of multiple factors (Charabi and Gastli, 2011; Alami Merrouni et al., 2016; Avenel et al., 2018). Meteorology, topography, location, and vegetation were chosen as the primary indicators based on the relevant research literature and characteristics of the development of the Inner Mongolia Autonomous Region (Magalhães et al., 2020; Raza et al., 2023). The four primary indicators were further divided into 12 secondary indicators to establish a suitability evaluation index system to assess the suitability of the PV development in the Inner Mongolia Autonomous Region.
The meteorological indicators include five secondary indicators, namely, solar radiation, sunshine hours, temperature, precipitation, and wind speed. The amount of solar radiation is the most critical indicator for the suitability assessment because it directly affects the amount of electricity generated by PV panels. The number of sunshine hours affects the stability of the PV power generation (Schmitter et al., 2018). Temperature and precipitation affect the stability of solar resources and consequently, the efficiency of the PV power generation. Wind speed mainly affects the safety of the PV panels. Excessively high wind speed can damage the PV panels, and increase the operation and maintenance costs (Md Khairi et al., 2022).
The terrain indicators include two secondary indicators: slope and aspect. The pitch and direction of the slope affect the solar radiation intensity and sunshine hours. As the Inner Mongolia Autonomous Region is located in the northern hemisphere, the solar radiation in the southern direction and plane is higher. As the slope increases, the difficulty and cost of constructing PV power plants increase.
The location indicators include the road network, settlement, river, and protected area distances. The proximity to the road network reduces the cost of the initial construction, transport, operation, and maintenance (Dzikuć et al., 2022). In particular, proximity to the population, which is the electricity consumer market, reduces transport costs and electricity losses through the grid. As the Inner Mongolia Autonomous Region has dusty weather in spring, proximity to rivers allows easy cleaning of the dust and sand on PV panels.
As an important ecological barrier in northern China and a tourist destination in the north, the Inner Mongolia Autonomous Region has 216 nature reserves, which should be avoided during the construction of PV power plants (Broisch et al., 2014). NDVI is a secondary indicator of vegetation cover. NDVI ranges between [−1, 1], and its magnitude represents the vegetation cover of the area, with NDVI ≤0 representing no vegetation cover and NDVI of 1 indicating high vegetation cover. PV plants should be built in areas with low vegetation cover to protect the ecological diversity of the Inner Mongolia Autonomous Region (Maraj et al., 2022).
3.4 Research methodology
3.4.1 MCDM method and AHP for determining indicator weights
This study used AHP, which is a standard method used in MCDM, to determine the weights of the evaluation indicators (Alami Merrouni et al., 2018). MCDM methods can be divided into multi-objective decision making (MODM) and multi-attribute decision making (MADM). MADM addresses a discrete domain of alternatives, whereas MODM addresses the continuous occupation of other options. AHP is a MADM method developed by Saaty (Al Garni and Awasthi, 2017).
The AHP divides the problem into several levels, which are further divided into several indicators (Tennakoon et al., 2023). The importance of an indicator is compared two by two using a nine-level scale to evaluate the weight of each indicator. Where 1 means equal importance and 9 extremely higher importance of one criterion compared to another. Generate a two-by-two comparison matrix based on the expert’s judgment. If there are n indicators at a level, a judgment matrix P. is constructed, as follows:
[image: Matrix equation showing a matrix P, defined as P sub i j for matrix size n x n, equal to a matrix with elements P sub 1 1 through P sub n n. Adjacent is an equal expression with reciprocals and constant numerators, including terms like 1 over P sub 2 1 and 2 over P sub n 2.]
where [image: Mathematical notation showing a capital letter "P" with subscripts "i" and "j".] is the importance of the i-th indicator compared to the j-th indicator, [image: Mathematical notation showing the variable \( P_{j, i} \), which typically represents an element in a matrix or array, where \( j \) and \( i \) are indices.] = [image: Mathematical expression showing the fraction one divided by the variable \( P_{ij} \).] (i, j = 1, 2, … , n), n is the number of indicators, and if i = j, Pij = Pji.
The matrix P was normalized by adding the values of each column of matrix P and then dividing each item by the sum of its column. Finally, the normalized matrix was averaged over the rows to obtain the relative weights. Solving for the maximum eigenvalue and eigenvector of a matrix by the eigenvalue method (Ali et al., 2023), the maximum eigenvalue λmax = 12.0155 was determined. To ensure the consistency of expert judgments, the following formula is required to test the consistency of the judgment matrix:
[image: The image shows the equation \( CR = \frac{CI}{RI} \) followed by the number \( (2) \).]
where:
[image: Equation for the consistency index (CI): CI equals lambda sub max minus n, divided by n minus one.]
Where CR is the consistency ratio (if CR < 0.1, the consistency test is passed; otherwise, the judgment matrix has to be revised); RI is the random consistency index (Table 4); and λmax is the maximum eigenvalue.
TABLE 4 | Random consistency indicators.
[image: Table showing random index (RI) values corresponding to values of n from 1 to 12. RI values are: 0, 0, 0.58, 0.90, 1.12, 1.24, 1.32, 1.41, 1.45, 1.49, 1.51, and 1.54.]In this study, by consulting five experts in the field of solar energy, each expert compared the importance of the 12 secondary evaluation indicators two by two by reviewing the literature, constructed a 12-order judgment matrix, determined the importance of each secondary indicator, and finally obtained the final weights of each indicator by calculation (Table 5). The CR index values of the judgment matrix of the five experts were 0.00091, 0.00089, 0.00096, 0.00072, and 0.00069, and the results are less than 0.1, indicating that the results are acceptable. As can be seen, the meteorological indicators have the greatest weight, as radiation is the most important factor influencing the potential of PV power generation, which is a decisive factor in the siting of PV plants. Location is the second most important indicator, indicating a preference for building PV plants close to road networks and electricity consumption markets to reduce construction and electricity transportation costs later on.
TABLE 5 | PV development suitability evaluation indicators and weights.
[image: Table detailing indicators for photovoltaic development. Targets are categorized into Meteorology, Terrain, Location, and Vegetation. Each category has a weighting and secondary indicators such as solar radiation and slope, with corresponding references and weightings.]3.4.2 PV development suitability calculations
The suitability evaluation indicators are divided into ten levels according to the equal interval distance method. The larger the value of the enormous indicators, including the solar radiation, sunshine hours, and distance to protected areas, the higher the level is; the opposite is true for the small indicators, including the slope, precipitation, temperature, wind speed, and distance to settlements, rivers, and roads. The slope direction is an interval indicator with the highest grading in the south and plane directions and the lowest grading in the north. The suitability index was calculated using the weights of the primary and secondary indicators. The level of the graded secondary indicators was obtained as follows:
[image: Mathematical equation for Si, represented as a double summation from r equals one to four and i equals one to five. Inside the brackets, it multiplies Wr by the sum of Wri times Cri.]
where Si is the PV development suitability index, Wr is the weight of the r-th level indicator (r = 1, 2, 3, 4), Wrl is the weight of the l-th secondary indicator under the r-th primary indicator (l = 1, 2, 3, … , s); s is the number of secondary indicators under the r-th level indicator; Crl is the number of levels of the l-th post-grading level 2 indicator under the r-th level 1 indicator.
3.4.3 PV power potential assessment
The assessment of the PV power generation potential is essential to the feasibility study of PV power plant projects. Solar energy must be transformed into the total energy output to determine the PV power generation capacity. The type of PV panel is the main factor of the overall energy output efficiency (Chen et al., 2023). Various types of solar panels are available in the market, including monocrystalline silicon, polycrystalline silicon, and amorphous silicon as the main varieties. In this study, the polycrystalline silicon PV panels, which are the most widely used, were considered in calculating the potential for PV power generation with an energy conversion efficiency of 16.5% (Wang et al., 2022). In recent years, a high degree of PV development in the Inner Mongolia Autonomous Region has resulted in a certain amount of light abandonment, and to improve the accuracy of the PV power generation potential assessment, the influence of the light abandonment rate on the PV power generation potential is considered. The influencing factors of total annual solar radiation per unit area, area suitable for PV power plants, area coefficient of receiving solar radiation, and power generation loss rate coefficient also affect PV power generation potential (Narvaez et al., 2022). Considering all these influencing factors, the PV power generation potential is calculated as follows:
[image: The image shows a formula: SEGP equals SA times AF times ASR times PE times (1 minus LO) times (1 minus AP), reference (5).]
where SEGP is the PV power generation potential, kWh; SA is the area suitable for the construction of PV power plants, m2; AF is the area coefficient of receiving solar radiation, which is equal to 0.35 in this study according to the actual research of PV power station in Dalat Banner, Ordos City; ASR is the total annual solar radiation per unit area, kWh/m2; PE is the power generation efficiency of PV panels; LO is the power generation loss rate, which is equal to 7.5% in this study regarding Li et al.; and AP is the light abandonment rate. The specific parameter values and setting criteria are shown in Table 6.
TABLE 6 | Parameter settings for the PV power potential assessment.
[image: Table detailing parameters with settings and values. Parameters include AF with PV power station on-site inspection and value 0.35, ASR with average solar radiation and value 1421.8575, PE with polycrystalline silicon panels power generation conversion rate and value 16.5%, LO with reference from Li et al., 2020 and value 7.5%, and AP with National Center for Renewable Energy and value 4%.]It is worth noticing that the materials and technologies also affect the efficiency of solar power generation. Currently, the conversion efficiency of polycrystalline silicon cells is in the range of 16%–22.8% (Yang and Wang, 2022). Considering future improvements in PV technology and referring to (Noorollahi et al., 2022). This study analyses the sensitivity of the power generation potential for four scenarios with power generation efficiencies of 16.5%, 18%, 21%, and 24% respectively.
4 RESULTS AND DISCUSSION
4.1 Grading and distribution pattern of the evaluation indicators
The Inner Mongolia Autonomous Region has a high solar radiation grade (Figure 4A), with the western grade higher than the eastern grade. The areas with the highest grades are in the western portion, including the Alashan League and Bayannur City, and the areas with the lower grades are primarily in the east at the Hulunbeier City. For the sunshine hour, the areas with higher grades (Figure 4B) are primarily in Alashan and Chifeng, and the areas with lower grades are mainly in Hulunbeier. For the temperature, the areas with lower grades (Figure 4C) are primarily concentrated in the southern parts of the Alashan League, Wuhai City, and Ordos City, and the areas with higher grades are mainly focused on the northern part of Hulunbeier City. The precipitation grading (Figure 4D) increases from the eastern to the western part of the Inner Mongolia Autonomous Region, with the highest grading in the Alashan League and the lowest in Hulunbeier City. The most inadequate grading for the road distance (Figure 4E), river distance (Figure 4F), and residential distance (Figure 4G) are in a small part of the Alashan League, with the rest of the region having higher grades. The higher distance grade of the protected areas (Figure 4H) is minimal, and mainly in the northern areas of the central and western parts of the Inner Mongolia Autonomous Region, with the rest of the area generally having a lower grade. The areas with higher wind speed classification (Figure 4I) are mainly located in the northeastern part of Baotou, Ordos, Hohhot, and Hulunbeier, whereas those with the lower category are primarily in the western part of the Alashan League. The areas with the lower slope grading (Figure 4J) are mainly located in the west of Hulunbeier City, Tongliao City, Xing’an League, Baotou City, and some areas in Erdos City. Other regions have high grades with minimal variations.
[image: Twelve maps (labeled A to L) display different classifications across a region. Each map features a distinct variable: solar radiation, sunshine hours, temperature, precipitation, flood regions, river classes, sediment classes, riverine erosion, drought, slope classes, soil types, and water sources. Color-coded legends are included for each variable at the bottom of each map, indicating varying intensity or classification levels.]FIGURE 4 | Classification of the secondary indicators for the PV development suitability assessment. (A) Solar radiation classification, (B) Sunshine hours classification, (C) Temperature classification, (D) Precipitation classification, (E) Road distance classification, (F) River distance classification, (G) Settlement distance classification, (H) Protected area distance classification, (I) Wind speed classification, (J) Garding of slopes, (K) Slop grading, (L) NDVI grading.
The slope grades (Figure 4K) are higher in the southern and planar directions, and lower in the northern border. The NDVI classification (Figure 4L) exhibits a decreasing trend from the west to the east of the Inner Mongolia Autonomous Region with the highest classification in the Alashan League and the lowest in Hulunbeier City. Overall, the spatial distribution characteristics of the suitability evaluation secondary indicators vary significantly.
4.2 PV development suitability analysis
After excluding the restricted areas, the areas assessed for suitability for PV development account for 24.24% of the total Inner Mongolia Autonomous Region area. The PV development suitability index ranges between [5.223, 9.213] and is divided into five categories according to the primary method (Figure 5) unsuitable [5.223, 6.021), less suitable [6.021, 6.819), suitable [6.819, 7.517), more suitable [7.517, 8.415), and particularly suitable [8.415, 9.213). The particularly suitable, suitable, and less suitable and unsuitable areas are 50,184.54, 186,009.32, 43,705.94, and 6,804.92 km2 (Table 7), which account for17.50%, 64.88%, 15.24%, and 2.38% of the total assessment area, respectively. The particularly suitable areas are distributed in Alashan League, Bayannur City, and Chifeng City, with Alashan League accounting for the highest percentage of 78.59%, followed by Bayannur City. The more suitable cities for the regional distribution are Alashan League, Bayannur, Baotou, Erdos, Wuhai, Ulanqab, and Xilin Gol League, with Alashan League accounting for the highest percentage 83.48%. The most extensive distribution of the suitable areas is found in all 11 cities, except Xing’an Meng, with Alashan Meng still accounting for the highest proportion of 64.03%, followed by Ordos. The less suitable and unsuitable areas are lower than the above three types. The largest less suitable area is in Hulunbeier, and the largest unsuitable area is in Xing’an Meng.
[image: Map illustrating suitability grading for a region with different colors representing various levels of suitability: gray for restricted areas, dark blue for unsuitable, yellow for less suitable, orange for suitable, blue for more suitable, and magenta for very suitable. A scale bar and a compass rose are included.]FIGURE 5 | Suitability of the PV development in the Inner Mongolia Autonomous Region.
TABLE 7 | Land area of different suitability in the Inner Mongolia Autonomous Region.
[image: Table showing land area suitability for different cities, divided into five categories: particularly suitable, more suitable, suitable, less suitable, and unsuitable. Alxa League has the largest particularly suitable area (39,438.75 km²), while Ordos leads in the more suitable category (7,740.21 km²). Total figures are 50,184.54 km² for particularly suitable, 186,009.32 km² for more suitable, 43,705.94 km² for suitable, 5,811.27 km² for less suitable, and 993.65 km² for unsuitable areas.]The Inner Mongolia Autonomous Region has a spatial pattern that favors PV development with more significant potential in the western than that of the central and eastern portions. The particularly suitable, more suitable, and suitable areas are primarily found in Alashan Meng and Bayannur City in the west, and Baotou City, Erdos City, and Chifeng City in the east. With the flat terrain, small slopes, solar radiation of more than 1,600 kWh/m2, average annual sunshine hours of more than 2,950 h, good meteorological conditions, such as precipitation and wind speed, low vegetation cover, and moderate distances from roads, settlements, and rivers, these areas have natural advantages for PV development, which dramatically improves the efficiency of the PV power generation and reduces the cost of transporting during the construction of PV power plants and electricity generation. The less suitable and unsuitable areas are primarily located in Hulunbeier City and Xing’an League City, These areas have low total annual radiation and average annual sunshine hours; poor precipitation, wind speed, and other meteorological conditions; low efficiency for PV power generation; large slope, which makes the construction of PV power plants difficult and costly; high vegetation coverage, and difficult and expensive structures (Ariztia and Raglianti, 2020; Xin-gang et al., 2021).
4.3 Analysis of the PV power potential and electricity demand
The assessment of the power generation potential of the Inner Mongolia Autonomous Region has revealed its significant potential for power generation. If all the particularly suitable, more suitable, and suitable areas are developed, the annual power generation capacity can reach 2. 0,409,113 kWh or 44.37 times the amount of electricity used by the Inner Mongolia Autonomous Region in 2021. According to Table 8, the annual power generation potential of the particularly suitable, more suitable, and suitable areas are 36,592.41, 135,630.00, and 31,868.50 TWh, respectively. Of which, 12.57% of the development in the particularly suitable area can satisfy the electricity demand of the Inner Mongolia Autonomous Region in 2021.
TABLE 8 | Generation potential of PV in Inner Mongolia Autonomous Region under different development scenarios.
[image: Table listing development scenarios with scenario interpretations, area in square kilometers, and power generation potential in terawatt-hours. Scenarios vary from S1-Q1 with 25% development (12,546.14 km², 9,148.11 TWh) to S3-Q4 with 100% development (43,705.94 km², 31,868.50 TWh). Each scenario reflects increasing levels of suitable area development and corresponding increases in power generation potential.]The impact on PV power generation potential at different power generation efficiencies is shown in Figure 6. When the efficiency of the PV system increases to 18%, 21%, and 24%, the PV generation potential will increase by 9.09%, 27.27%, and 45.45% respectively, with a PV system generation potential of 222,644.6 TWh/year, 259,752.04 TWh/year and 296,856.46 TWh/year respectively.
[image: Bar chart showing generation potentials in terawatt-hours (TWh) for four generation efficiency percentages: 16.5%, 18%, 21%, and 24%. Each bar is divided into three sections: suitable area (blue), more suitable area (cyan), and particularly suitable area (orange). Potential values for each efficiency from left to right are approximately 204090.91 TWh, 229644.6 TWh, 259752.04 TWh, and 296889.16 TWh.]FIGURE 6 | Sensitivity analysis of generation potential at different generation efficiencies.
The study determined the substantial spatial heterogeneity in the distribution of the power generation potential and electricity demand in the Inner Mongolia Autonomous Region. The western part of the Inner Mongolia Autonomous Region has more significant power generation potential than the central and eastern parts, with the western, central, and eastern parts accounting for 93.66%, 5.18%, and 1.16% of the power generation potential (Figure 7A), respectively. Of the 12 municipalities in the Inner Mongolia Autonomous Region, Alashan League, and Bayannur accounted for 97.31% of the power generation potential in the particularly suitable Zone (Figure 8A), 92.29% in the more suitable zone (Figure 8B), and 88.88% in the Inner Mongolia Autonomous Region (Figure 7A). In contrast, Alashan League and Bayannur City only account for 5.18% of the electricity consumption in the Inner Mongolia Autonomous Region in 2021 (Figure 7B. Figure 7 shows three types of power generation potential and electricity demand in the Inner Mongolia Autonomous Region: high power generation and low electricity demand; low power generation potential and high electricity demand; and balanced power generation potential and electricity demand. Among them, Hohhot, Baotou, Erdos, Tongliao, Chifeng, and Ulaanchabu have low generation potential and high electricity demand, whereas Wuhai, Hulunbeier, Xing’an, Xilingol, Alashan, and Bayannur are of the balanced generation potential and electricity demand type. Overall, more apparent changes are noted in the electricity consumption of the Inner Mongolia Autonomous Region. The Hubao-E urban agglomeration has a developed economy with a high concentration of industrial plants and consequently, strong electricity demand. However, its potential for PV power generation is insufficient. A large portion of its electricity originates from coal-fired thermal power plants, and carbon emission reduction and environmental problems are prominent.
[image: Diagram showing two genetic sequences, labeled A and B, both with color-coded sections labeled with various species names and percentage figures. Sequence A includes species like Anixe Leuspe, Cibes, and Fireglxe, while sequence B includes Xina Crol Leuspe and Hzarbite, among others. Arrows and numeric figures accompany each section, indicating specific genetic proportions.]FIGURE 7 | PV power generation potential (A) and 2021 electricity demand by the municipality in Inner Mongolia Autonomous Region (B).
[image: Two pie charts labeled A and B compare distribution percentages across different regions. Chart A shows three regions: Alxa League (57.76%), Bayan Nur (24.21%), and Ordos (18.03%). Chart B details seven regions: Alxa League (57.76%), Bayan Nur (11.74%), Ordos (8.61%), Wuhai (6.27%), Baotou (5.24%), Bayannur (4.53%), and Ordos (6.85%). Each chart uses a color-coded legend.]FIGURE 8 | Photovoltaic power potential by the municipality in the Especially Suitable (A) and More Suitable Zones (B).
4.4 Emission reduction effects under different development intensities
The Inner Mongolia Autonomous Region has long relied on its resources to develop its economy. The secondary sector accounts for a large proportion of the total carbon emissions, which have been increasing annually. PV development is affected by national policies, electricity demand, and other factors. It is not a quick fix but a gradual process to achieve large-scale PV development in a relatively short period. Therefore, in this study, considering the gradual increase in the proportion of PV power generation in the future energy mix, 12 development scenarios were set to analyze the emission reduction effect according to the ratio of the particularly suitable, more suitable, and suitable areas for development (Table 9). In 2021, China’s average coal consumption for power supply will be 302.5 g/kWh. Burning 1 tonne of standard coal will emit 2,662 kg of carbon dioxide (CO2), 22 kg of sulfur dioxide (SO2), 10 kg of nitrogen oxides (NOx), and 17 kg of total suspended particulate matter (TSP). If all the particularly suitable areas are developed, the annual carbon emission reduction in the Inner Mongolia Autonomous Region would be approximately 2,446,621,000 t, which is 4.46 times the total carbon emission of the Autonomous Region and 21.2% of China’s total carbon emission in 2021. In addition, 110,692,400 t standard coal can be saved, and the emission of approximately 24,352,200 t SO2, 11,069,200 t NOx, and 18,817,600 t TSP would be prevented. If all the particularly suitable, more suitable, and suitable areas in the Inner Mongolia Autonomous Region are developed, the region would save 617,375,000 t standard coal, reduce carbon emissions by approximately 1,643,452,600 t, which is 1.18 times the total carbon emissions of China in 2021, and reduce the SO2, NOx, and TSP emissions by approximately 135,822,500, 61,737,500, and 104,953,700 t, respectively. Thus, the PV development in the Inner Mongolia Autonomous Region is crucial to reducing the carbon emissions in the autonomous region (Ji et al., 2022; Wang et al., 2023), thereby transforming the energy structure, and achieving China’s dual carbon targets (Gobio-Thomas et al., 2023).
TABLE 9 | Emission reductions under different PV development scenarios.
[image: Table showing development scenarios and their emission reduction effects in million tons. The table is divided into three sections (S1, S2, S3), each with four scenarios (Q1-Q4). For each scenario, it lists the percentage of development in suitable areas, and the corresponding reduction in standard coal, CO2, SO2, NOx, and TSP. The reductions vary, with higher development percentages generally showing greater emission reductions across all pollutants.]4.5 Discussion
Inner Mongolia Autonomous Region has huge potential for PV power generation, with significant energy saving and emission reduction effects. However, in the process of practical application, the opportunities and challenges of PV development coexist. Firstly, the Inner Mongolia Autonomous Region is an ethnic minority region in China, with a small population and a large potential for PV power generation, which is prone to the problem of power consumption. The main reason for the power consumption problem is that the western part of the Inner Mongolia Autonomous Region, which is particularly suitable for PV development, has weak energy storage facilities power grids, and ancillary facilities, making it difficult to transmit power. Secondly, the conversion of PV power into hydrogen energy requires the consumption of a large number of water resources, and the western part of the Inner Mongolia Autonomous Region is a semi-arid and arid region with scarce water resources. But the Inner Mongolia Autonomous Region “14th Five-Year Plan” power development regulations, pointed out that to increase investment in the power grid in the western part of the Inner Mongolia Autonomous Region, to promote the western part of the Inner Mongolia Autonomous Region and Beijing-Tianjin-Hebei and Shandong asynchronous interconnection, the implementation of the plan is expected to solve the western part of the Inner Mongolia Autonomous Region of the problem of power consumption and to promote the economic and social development of the local economy. At the same time, it will help alleviate the problem of power tension in Beijing-Tianjin-Hebei and Shandong, improve its energy structure, reduce carbon emissions, and help China realize its dual-carbon goals (Xie et al., 2023). In addition, the western part of the Inner Mongolia Autonomous Region is full of deserts, and the soft geology and lack of water in the desert areas bring considerable challenges to the construction of PV power plants and the cleaning of dust and sand on the surface. With the improvement of China’s PV manufacturing, construction and operation, and maintenance capabilities in recent years, it is possible to build PV power plants in complex desert environments, such as the “Dalat PV Pilot Base,” which is the world’s largest centralized PV power plant in the desert. In addition, the construction of photovoltaic power plants in the desert, and later power transmission costs will lead to an increase, but the construction of photovoltaic power plants in the desert also has many benefits. On the one hand, the land cost is relatively small and the solar radiation is relatively stable and abundant. On the other hand, the National Energy Administration and the autonomous region strongly support the construction of desert photovoltaic bases in the western part of the Inner Mongolia Autonomous Region, and the development of desert photovoltaic is also beneficial to the improvement of the desert ecological environment.
It has been shown that large-scale construction of power plants will have a certain impact on the local ecological environment during the construction period, but in the long term, it will be beneficial to plant growth, increase species diversity, and improve the ecological environment (Wu et al., 2018). Because the PV power plant in the later stage of operation and maintenance of less human disturbance factors, and photovoltaic facilities in the shade can prevent plants from being subjected to strong solar radiation, cleaning photovoltaic panels water can also provide plants with the necessary water for growth (Ali et al., 2017). The construction of photovoltaic power plants in desert areas can also play a certain role in preventing sandstorms, as the fragile ecological environment has been improved to some extent (Hengevoss et al., 2016).
In summary, although the development of photovoltaics in Inner Mongolia has many constraints, photovoltaic power generation in the Inner Mongolia Autonomous Region and even China’s energy structure and energy saving and emission reduction play an increasingly important role, accompanied by the upgrading of the photovoltaic manufacturing industry, the improvement of the grid infrastructure, the level of construction, operation, and maintenance of the level of enhancement of the development of energy storage technology, photovoltaic development of the difficult problems will be gradually overcome, to help the development of large-scale photovoltaic in the Inner Mongolia Autonomous Region.
The layout of PV development in the “14th Five-Year Plan for Electricity Development in Inner Mongolia Autonomous Region” issued by the Energy Bureau of Inner Mongolia Autonomous Region and the distribution of existing PV power plants in Inner Mongolia Autonomous Region verified the reliability of the results of our suitability assessment. However, it is important to note that in practice, the results should be interpreted with caution in terms of hypotheses, data quality, decision-maker preferences, and applied procedures. More precise information and analysis are required for practical deployment. Eration penetration should also be carefully addressed and analyzed. The decision makers’ preferences in determining restrictive criteria, assessment criteria, and their weights have a significant impact on the results. As a result, weight sensitivity analysis or other uncertain analysis technologies associated with the MCDM technique must be done and investigated further to assess the robustness of the conclusions. Other considerations, such as the cost of land and the attitude of the population, may also influence the location of PV plants. Therefore, the suitability evaluation index system should be further expanded in future studies to achieve more scientific evaluation results.
5 CONCLUSION
This study combined GIS and MCDM methods to select multidimensional indicators, such as meteorology, topography, location, and vegetation and used AHP to determine their weights to investigate the spatial pattern characteristics, PV power generation potential, energy saving, and emission reduction of the PV development in the Inner Mongolia Autonomous Region. The following main conclusions were obtained:
	1) The particularly suitable, more suitable, and suitable areas for PV development in the Inner Mongolia Autonomous Region account for 23.66% of the total area, with the more suitable areas as the most extensive. The suitability of PV development is characterized by an obvious spatial pattern, with the suitability in the western region being higher than that in the central and eastern regions.
	2) The potential for photovoltaic power generation in the Inner Mongolia Autonomous Region is huge, with 12.57% development in particularly suitable areas to meet the electricity consumption of the Inner Mongolia Autonomous Region in 2021. With the future technology advance, the generation potentials could increase by 9.09%, 27.27%, and 45.45%, if the system efficiencies improved to 18%, 21%, and 24%.
	3) There is a strong spatial heterogeneity in the distribution of power generation potential and electricity demand in each municipality of the Inner Mongolia Autonomous Region, with significant spatial pattern characteristics. From an overall perspective, the power generation potential in the western part of the Inner Mongolia Autonomous Region is greater than that in the central and eastern parts, and there is a strong demand for electricity in the Hubao-E urban agglomeration.
	4) PV power generation significantly impacts energy savings and pollution reduction in the Inner Mongolia Autonomous Region. If the particularly suitable area is fully developed, the Inner Mongolia Autonomous Region will have an annual carbon emission reduction of approximately 294,662,210 t, which is 4.46 times its total carbon emissions and 21.2% of China’s total carbon emissions in 2021. Therefore, this work demonstrated the considerable energy-saving and emission-reduction effects of PV development.
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Under the leadership of China’s “dual-carbon” policy, how to reduce energy consumption, reduce carbon emissions, and realize intelligent, low-carbon development has become a key issue faced by the home appliance industry. Studies have shown that green intelligent home appliances can save electricity and reduce carbon emissions. In the context of China’s “dual-carbon” goal, this study examines the technological innovation and marketing publicity decisions of the green intelligent home appliance supply chain considering the consumer subsidy and cost-sharing contract. By constructing a three-level supply chain model that includes home appliance manufacturers, retailers, and consumers, we use the Stackelberg game method to study the decision-making models under four scenarios with and without consumer subsidy and cost-sharing contract and consider the impact of consumers’ green intelligent preference, consumers’ green marketing sensitivity, consumer subsidy and cost-sharing contract on the supply chain optimal decision. Through model solving and further numerical simulation, the results show that 1) the increase of consumers’ green intelligent preference and consumers’ green marketing sensitivity can produce positive spillover effects and promote the improvement of home appliance manufacturers’ technological innovation efforts and retailers’ marketing publicity efforts; 2) consumer subsidy is always beneficial for the green intelligent development of the supply chain, which can effectively increase the total revenue of the supply chain; 3) the reasonable cost-sharing ratio can stimulate the enthusiasm of supply chain enterprises to increase technological innovation and marketing publicity investments and increase the total profit of the supply chain. However, the excessive cost-sharing ratio frustrates the enthusiasm of home appliance retailers to participate in the coordination, which results in a decline in the overall benefit of the supply chain; 4) by considering both consumer subsidy and cost-sharing contract, a reasonable level of consumer subsidy and cost-sharing ratio have a better incentive effect on the supply chain members than in the other three scenarios. This study can provide a broader reference for the green intelligent development of China’s home appliance industry, which plays an important role in the implementation of China’s “dual carbon” goal.
Keywords: “dual carbon” goal, consumer subsidy policy, cost-sharing contract, green intelligent home appliance supply chain, green efforts, Stackelberg game

1 INTRODUCTION
In response to the global climate problem, the Chinese government proposed a “dual carbon” goal in 2020 (Hu, 2021) and made a series of policy adjustments around this goal. This is a major challenge and an unprecedented opportunity for the home appliance industry. According to the “Annual Report on the State of Global Energy and Carbon Emissions” released by the International Energy Agency (IEA), home appliances are the second largest source of residential energy consumption and account for over 20% of the electricity consumption, while residential carbon emissions account for more than 30% (Yu, 2021). In addition, according to the statistics of the China Household Electrical Appliances Association (CHEAA) and the current trend of the energy consumption development of home appliances such as refrigerators, microwave ovens, water heaters, and washing machines, it is estimated that the country’s hydrofluorocarbon emissions will exceed 25 million tons of CO2 equivalent by 2030, and this number will further increase to 30 million tons of CO2 equivalent by 2060 (Deng, 2021). It is a pressing issue for the home appliance industry on how to reduce the energy consumption and carbon emissions of home appliances. Compared with traditional home appliances, green intelligent home appliances can save electricity and reduce carbon emissions. Hu et al. (2023) have also showed that intelligentization is the key to green and low-carbon transformation. Therefore, intelligentization is a necessary path for the transformation and upgradation of the traditional home appliance industry.
Realizing the intelligent manufacturing of home appliances and promoting green and intelligent development of the home appliance industry depend on green technological innovation. In terms of the current development of the home appliance industry, on the whole, the level of green technological innovation in China’s home appliance enterprises is low, and there will be much room left to make further progress (Tong, 2020). In addition, it is also very important to do a good job in the marketing of green intelligent home appliances. In the actual marketing environment, the perceived value of a product can be used as a result of consumers’ evaluation of the product, which in turn affects their purchase intentions (Li et al., 2020). Alejandre et al. (2022) show that it is better for traditional home appliances to adopt new designs with improved energy-saving models in order to minimize the environmental burden associated with the manufacture of new products. Based on customer-perceived value perspective, Li and Pan (2019) took home appliance retail enterprises as the research object, created a marketing dual-channel synergistic performance evaluation model, and combined it with the fuzzy comprehensive evaluation method to evaluate the O2O marketing synergistic performance of Suning Tesco. The results showed that home appliance retail enterprises have to attach great importance to the pre-sale shopping perception links of consumers in the process of O2O marketing synergistic performance improvement. Jafari (2023) used game theory to conduct research, and the results showed that government support policies can improve the energy saving level of home appliances. Lou and Ma (2018) investigated the complexity of sale and carbon reduction efforts in two parallel appliance supply chain models. We also know that consumer’s green preferences influence enterprise decisions (Long et al., 2022). Therefore, the green and intelligent development of the home appliance industry requires upstream and downstream enterprises of the home appliance supply chain to continuously innovate technology, produce green intelligent home appliances, sell green intelligent home appliances to consumers through marketing publicity, cultivate consumers’ preference for green intelligent home appliances, and increase consumers’ willingness to purchase in future competitions.
However, the input to improve the level of green technological innovation of enterprises will increase enterprises’ cost burden, which hinders the green and intelligent development of the industry to a certain extent. So it requires green effort cost-sharing among supply chain enterprises (Ghosh and Shah, 2015). In the study of green supply chain coordinated innovation and cooperation strategy, Sun and Zhang (2020) found that the cost-sharing contract, as an incentive mechanism, can increase the green innovation inputs of supporting enterprises, optimal returns of both parties, and overall returns. Song et al. (2022) showed that the cost-sharing mechanism can coordinate the supply chain participants and make the supply chain members gain higher profits.
In addition, when compared with the price of ordinary home appliances, the price of green intelligent home appliances is also higher, and the higher price will reduce the willingness of consumers to buy. Therefore, countries generally adopt the means of consumer subsidies so as to improve the willingness of consumers to buy. The increasing willingness of consumers to purchase green products will stimulate the market to increase the supply of green products, promote the benign development of the green supply chain, and promote the green transformation and upgradation of the supply chain (Xing et al., 2023). Nie et al. (2021) have evaluated the effectiveness of the current energy-saving subsidy policy to stimulate the purchase of energy-saving household appliances. Song et al. (2019) established a game model in which the government provides subsidies to consumers who use green products and found that the policy can promote the consumption of green products to an optimal level, and high-income groups preferred the government to provide subsidies for green products.
On the basis of previous studies, from the perspective of the green intelligent home appliance supply chain, this study analyzes and discusses the rationality and necessity of home appliance enterprises to increase technological innovation and marketing publicity, and in the four scenarios with and without consumer subsidy and cost-sharing contract, further explores the impact of consumers’ green intelligent preference, consumers’ green marketing sensitivity, and consumer subsidy and cost-sharing contract on the optimal decision-making of the supply chain. The conclusions of this study to some extent verifies the effectiveness of consumer subsidy and cost-sharing contract in promoting green intelligent development of the home appliance industry, which can provide some references for future government policy formulation, a win–win cooperation among home appliance enterprises, and green intelligent development of the home appliance industry.
The main contributions are as follows: first, we establish a three-level green intelligent home appliance supply chain model comprising manufacturers, retailers, and consumers and at the same time incorporate technological innovation and marketing publicity into demand function, as well as study the optimal decision-making of the supply chain under different scenarios and use the Hessian matrix to find the possibility of the existence of the optimal strategy; second, the impact of consumers’ green intelligent preference, consumers’ green marketing sensitivity, and consumer subsidy and cost-sharing contract on manufacturers’ technological innovation, retailers’ marketing publicity, and the total profit of the supply chain is comprehensively considered; finally, through the establishment of the Stackelberg game model to analyze different situations, it further broadens the research ideas of the green intelligent home appliance supply chain, enriches related research theories, and provides a little reference for the green intelligent development of the home appliance industry.
2 LITERATURE REVIEW
The research related to this study mainly focuses on three aspects: consumer subsidies, cost-sharing contracts, and the home appliance industry and its supply chain. In this section, we will review the relevant literature and point out how our study differs from them.
2.1 Consumer subsidies
In terms of related research on consumer subsidy policies, some scholars have argued the rationality of consumer subsidies. Yang and Zhao (2015) argued that subsidies for energy-saving products can be deducted from the selling price of the products, which can directly reduce the expenditure of consumers on purchasing the products, guide consumers to support low-carbon products, and enable producers to produce low-carbon products or even zero-emission products. Zhao and Wang (2018) reviewed carbon emission reduction policies in the consumption area such as carbon tax, trading mechanism, and subsidies and compared them in three aspects: efficiency, effectiveness, and fairness; they found that the subsidy policy on the consumption side can help consumers choose low-carbon products or even zero-emission products, which in turn leads to energy-saving production. Li and Wang (2023) demonstrated the necessity of implementing subsidy programs in promoting EV sales and identified the optimal subsidies under various market conditions. Some scholars have also studied the effects of consumer subsidies. Huang et al. (2013) studied government subsidies for consumers purchasing electric vehicles, and the results showed that consumer subsidy policies can significantly increase the sales of electric vehicles, which effectively reduces environmental pollution. Sun and Yu (2018) separately established a two-stage game model under two subsidy policies of the government that subsidizes green producers and consumers. It is found that government subsidizing consumers can increase the consumer demand for green products to a greater extent and bring greater benefits to green producers. Long et al. (2022) explored the joint effect of the dominance structure, green sensitivity, and green preference on the manufacturing closed-loop supply chain and showed that increasing government price subsidies is more favorable to market demand and social welfare. In addition, some scholars have also compared consumer subsidies with other subsidies. By using a game theoretical approach, Bian et al. (2020) analyzed the effects of consumer and manufacturer subsidies on incentives for investing in emission reduction technologies in the manufacturing sector. Hong et al. (2021) examined the impact of corporate subsidies and consumer subsidies on green products. Khosroshahi et al. (2021) developed a three-stage game model with three subsidy policies, namely, government subsidies for manufacturers, retailers, and consumers, respectively, and studied the impact of government subsidies and CSR on supply chain pricing, greenness, and transparency. Xu and Duan (2022) explored optimal pricing and green investment strategies of green products under three kinds of subsidy policies, namely, manufacturer subsidy, retailer subsidy, and consumer subsidy, and investigated the conditions for the adoption of blockchain technology (Xu and He, 2022). Wang and Wang (2020) applied a game theory approach and focused on investigating how sales efforts and different government subsidies promoted manufacturers’ carbon emission reductions. Pan et al. (2023) constructed three game models that included no government subsidy, government subsidy to manufacturers, and government subsidy to consumers to study the effects of retailers’ fairness concerns and channel competition on the dual-channel green supply chains’ optimal decision-making and social welfare under different government subsidy strategies.
2.2 Cost-sharing contracts
The study of green supply chain decision-making problems under cost-sharing contracts is also relatively abundant. Yenipazarli (2017) examined the impact of cost-sharing contracts on downstream retailers’ incentives for upstream manufacturers to innovate. Yi and Li (2018a) studied cost-sharing contracts for energy saving and emissions reduction of a supply chain under the conditions of government subsidies and the carbon tax. Chakraborty et al. (2019) introduced the cost-sharing contract into retailer-led quality innovation cooperation, achieving the improvement of supply chain members and overall profits. Xu et al. (2020) studied product greenness and pricing decisions under three green cost-sharing models in the competitive green supply chain environment. Ma et al. (2020) studied cost-sharing contracts for achieving green supply chain coordination based on confidence level rules under uncertain information. Hu et al. (2020) considered a joint competitive innovation game model in which suppliers dominated and retailers shared innovation costs and compared the effects of two research and development (R&D) cost-sharing ratios proposed by retailers on suppliers’ incentives to innovate. Sharm and Jain (2021) studied cost-sharing contract when the dominant player had fairness preferences under different power structures of the green supply chain. Liu (2021) comparatively investigated the effects of product greenness and big data investment costs on green supply chain pricing strategies and profits under three cost-sharing models, considering both big data investment costs and green technology R&D costs. Qin et al. (2021) investigated the game of environmental cost allocation in the green supply chain under fair preferences. The results showed that retailers’ participation in environmental cost allocation increases the greenness level of products and make the whole supply chain Pareto optimal and strong fairness preferences of the manufacturers weakens the positive effect of retailers’ participation in the supply chain on cost allocation. Lin and Liu (2022) explored the effects of government subsidies and firms’ cost sharing on the level of green efforts, pricing strategies, and profits in the green supply chain. Fan et al. (2023) considered how to design a quality cost-sharing contract to incentivize product quality level improvement and integrate resources (Xu et al., 2021; Xu et al., 2022a). Wang and Wang (2020) studied the long-term cooperative emission reduction, low-carbon publicity, and government subsidies in a low-carbon supply chain based on a differential game model. Lou et al. (2020) investigated low-carbon emission reduction and publicity decision-making of supply chain in the context of different leaders. Meanwhile, they also studied the decision-making model of supply chain enterprises to encourage enterprises to carry out emission reduction innovation through contracts. Yu et al. (2020) explored the effectiveness of carbon emission reduction investment behavior in supply chain enterprises based on cost-sharing coordination under cost subsidy.
2.3 Home appliance industry and its supply chain
At present, the following scholars have conducted relevant research on the technological innovation and marketing publicity in the home appliance industry and home appliance supply chain. Yan (2010) pointed out that it is urgent for home appliance enterprises to implement green procurement, which is of great significance in improving product competitiveness and implementing sustainable development, and green technology innovation is the key link of implementing green procurement. Shen et al. (2012) have detailed how to use experiential marketing to create corporate value in downstream supply chain management of home appliance enterprises. Ma and Zhao (2013) studied the impact of trade-in subsidy on the production and consumption of home appliances. The results showed that policy incentives can effectively boost manufacturers’ profits and further promote the research and development of green appliances. Guo and Zheng (2019) in a systematic discussion on the capability upgrading problems faced by home appliance firms in the context of open innovation have made it clear that catching up with technology is the key (Xu et al., 2022b; Xu and Wei, 2023). Yu et al. (2021) constructed a manufacturer-led dual-channel low-carbon supply chain competition and cooperation game and analyzed the effects of energy efficiency ratio, retailers’ sales effort, consumption channel preferences, and manufacturers’ fairness concerns on manufacturers' and retailers’ decisions and revenue. Lv and Huang (2021) provided an empirical test for the conclusion that demand promotes innovation in the home appliance industry, whereby foreseeable future market demand both effectively promotes innovation inputs and enhances innovation outputs. Li et al. (2021) constructed a tripartite game model among the government, home appliance enterprises, and consumers and found that the government’s carbon emission reduction subsidies can improve the innovation ability of enterprises. Lei et al. (2022) showed that income growth will drive home appliance enterprises to transform toward intelligentization and low carbonization.
Finally, we have made a detailed comparison of the related literature, which is shown in Table 1. We can find that the aforementioned studies have conducted a great deal of research on the supply chain and home appliance industry and have achieved certain results. However, most of the current literature discusses manufacturers’ technological innovation or retailers’ marketing publicity from the perspective of the home appliance industry and home appliance supply chain, and few scholars consider both at the same time and incorporate them into the demand function. In terms of government subsidies to the home appliance industry, there are few literature studies on consumer subsidies. However, in real life, the government subsidizes consumers who buy appliances that meet green and intelligent requirements. Therefore, it is necessary to study the impact of consumer subsidies on green intelligent home appliance supply chain decisions. On this basis, studies combining cost-sharing contract with technological innovation, marketing publicity, and consumer subsidy are even rarer. The Stackelberg game model is widely used in the supply chain’s optimal decision problem and further through numerical simulation to validate the results of the model and increase the reliability of the model and its conclusions; for example, Lou and Ma’s (2018) research on the decision-making of sales and carbon reduction effort in the home appliance supply chain and Cao et al.'s (2020) comparative study of supply chain green effort decisions based on different government subsidy strategies. Therefore, based on the aforementioned analysis, this study starts from the green intelligent home appliance supply chain, incorporates technological innovation and marketing publicity into the demand function, considers the impact of consumers’ green intelligent preferences, consumers’ green marketing sensitivity, and consumer subsidy and cost-sharing contract and explores technological innovation and marketing publicity issues of the home appliance industry. The main research problem of this study is to explore the optimal decision-making problem for each subject of the green intelligent home appliance supply chain under the four models, verify the effectiveness of the Chinese government’s consumer subsidy policy, and draw conclusions based on the model’s results and numerical simulation to provide a reference for practice.
TABLE 1 | Comparison of the literature.
[image: A table summarizes various studies on consumer subsidy and cost-sharing contracts, with authors and years listed in the first column. The second and third columns indicate whether each study involves a consumer subsidy or a cost-sharing contract, marked by a check or a dash. The fourth column outlines the focus areas of each study, such as green innovation, pricing, government subsidy, consumer preferences, and profit.]3 PROBLEM DESCRIPTION AND MODEL ASSUMPTIONS
3.1 Problem description
In order to explore technological innovation and marketing publicity decisions of the green intelligent home appliance supply chain by considering consumer subsidy and cost-sharing contract, this study constructs a three-level green intelligent home appliance supply chain model that consists of manufacturers who carry out technological innovation, retailers who are responsible for marketing publicity, and consumers. In this supply chain, home appliance manufacturers are in the dominant position followed by home appliance retailers, constituting the Stackelberg game. Home appliance manufacturers produce green intelligent home appliances with unit cost [image: Please upload the image or provide a URL for which you need the alternate text. If you have any specific details you want included, feel free to add those as well.] through technological innovation and sell them to home appliance retailers at wholesale price [image: It looks like there is no image uploaded. Please try uploading the image again or provide a URL for it. If you have any captions or context you'd like to add, feel free to include that as well.], and home appliance retailers sell them to consumers at retail price [image: Please upload the image or provide a URL so I can help generate the alternate text for it.] through marketing publicity to maximize profits. However, the ever-increasing costs of technological innovation hinder manufacturers from investing in technological innovation efforts. In order to encourage home appliance manufacturers to increase technological innovation investment, home appliance retailers have the motivation to share some technological innovation costs of home appliance manufacturers, thereby improving decision-making levels and achieving supply chain coordination. The government provides subsidies to consumers who purchase green intelligent home appliances to increase the product market demand, thereby affecting the optimal decision-making of home appliance supply chain members. In addition, we assume that consumers have green preferences, and their demands are affected by the level of product technology innovation, product marketing publicity, and product prices.
Therefore, this study uses the Stackelberg game method to analyze and compare game models of the green intelligent home appliance supply chain under four scenarios without considering consumer subsidy and cost-sharing contract (Model D), considering the consumer subsidy (Model M), considering cost-sharing contract (Model C), and considering both consumer subsidy and cost-sharing contract (Model U) and focuses on the impact of consumers’ green intelligent preference, consumers’ green marketing sensitivity, consumer subsidy and cost-sharing contract on the supply chain upstream and downstream home appliance enterprises technological innovation and marketing publicity and the total profit of the supply chain. The green intelligent home appliance supply chain game model is shown in Figure 1.
[image: Flowchart illustrating four models of interaction between home appliance manufacturers, retailers, government, and consumers. Model M involves government subsidies for manufacturers. Model N has retailers sharing innovation costs. Model C combines consumer subsidies with retailer cost-sharing. Model U combines government subsidies, retailer sharing, and consumer subsidies. Arrows indicate the flow of products and subsidies between entities.]FIGURE 1 | Green intelligent home appliance supply chain game model diagram.
3.2 Model hypotheses
Assumption 1. In order to improve the green intelligent level of home appliances, home appliance manufacturers increase the technological innovation investment. We assume that the technological innovation costs of home appliance manufacturers is [image: The mathematical expression reads: eta phi squared divided by two.] (Xue et al., 2019; Lin and Liu, 2022), where [image: A lowercase Greek letter "eta" (η) is shown in a stylized, italicized font. The letter is black and appears on a white background.] is the cost coefficient of technological innovation and [image: It seems that there was no image provided. Please upload the image or provide a URL, and I’ll help you generate the alt text for it.] is the level of technological innovation efforts.
Assumption 2. In order to guide consumers’ preference for green intelligent home appliances, home appliance retailers increase marketing publicity investments. We assume that the marketing publicity costs of home appliance retailers is [image: The image shows the Greek letter lambda followed by uppercase A squared, creating the mathematical expression lambda A squared.]/2 (Lou and Ma, 2018; Yuan et al., 2022), where [image: Please upload the image or provide a URL for me to generate the alternate text.] is the cost coefficient of marketing publicity and [image: It seems there was an error in uploading the image. Please try uploading it again or provide a URL.] is the level of marketing publicity efforts.
Assumption 3. Members of the home appliance supply chain produce green intelligent home appliances according to the quantity determined by the market demand function, and the products can be completely cleared. We assume that the green intelligent home appliance market demand function is [image: Mathematical expression: a minus b times p plus beta times phi plus gamma times A.] (Yi and Li, 2018a; Sun and Zhong, 2023), where [image: Please upload the image you would like me to help you with, and I will generate the alternate text for it.] is the market capacity, [image: Please upload the image or provide a URL, and I will create the alternate text for you.] is the consumer’s price sensitivity coefficient, [image: Please upload the image you want me to describe. You can do this by using the image upload feature.] is the retail price of the product market, [image: It seems you're trying to add an image, but I don't have access to it. Please upload the image or provide a URL so I can generate the alt text for you.] is consumer’s green intelligent preference coefficient, and [image: Please upload the image or provide its URL so I can generate the alt text for you.] is consumer’s green marketing sensitivity coefficient.
Assumption 4. In order to encourage consumers to purchase green intelligent home appliances, the government subsidizes for consumers an amount of [image: Please upload the image or provide a URL, and I'll generate the alternate text for you.], which will directly affect the price of products purchased by consumers, and the actual purchase price of consumers is [image: If you upload the image you would like me to describe, I can help generate an alternate text for it. You can also provide a description or context for the image if needed.] (Wang and Wang, 2023; Xing et al., 2023). For example, Shanghai provides consumers with a one-time subsidy of 10% of the payment amount and up to 1,000 yuan for personal consumption such as purchasing green intelligent home appliances.
Assumption 5. In order to encourage home appliance manufacturers to increase technological innovation investment, home appliance retailers have the motivation to share some technological innovation costs of home appliance manufacturers, thereby improving the decision-making levels and achieving supply chain coordination. When home appliance manufacturers and retailers reach a cost-sharing contract, the ratio of technological innovation costs share by retailers is [image: Please provide the image by uploading it, and I can help generate the alternate text for you.] (Yi and Li, 2018b; Ma et al., 2020) and the ratio share by manufacturers is [image: It seems there was an error in processing your request. Could you please upload the image or provide a URL for me to view and generate the alternate text?].
3.3 Model parameters
All parameters involved in this study and their definitions are summarized in Table 2.
TABLE 2 | Symbol parameter.
[image: Table listing symbolic parameters and their meanings related to green intelligent home appliances. Parameters include unit production cost, wholesale and retail prices, market capacity, consumer preferences and price sensitivity, technological innovation efforts and costs, retailers’ share of innovation costs, government subsidies, marketing efforts and costs, and profits. Additionally, there is a note specifying constraints on some parameters: theta is in the range zero to one, a is greater than zero, and s is greater than zero.]4 DECISION MODEL AND RESULT ANALYSIS OF GREEN INTELLIGENT HOME APPLIANCE SUPPLY CHAIN
4.1 Decentralized decision-making of green intelligent home appliance supply chain (Model D)
First, home appliance manufacturers decide the level of technological innovation efforts and wholesale prices of green intelligent home appliances, while retailers then decide the retail prices and level of marketing publicity efforts of green intelligent home appliances, and the goal of both the decisions is to maximize their own profits. The profit function of home appliance manufacturers and retailers is as follows:
[image: The formula is: τ subscript M superscript star equals open parenthesis ω minus c close parenthesis times open parenthesis a minus b p plus β φ plus γ A close parenthesis minus one half η φ squared.]
[image: The equation displays π subscript R with a prime equals open parenthesis p minus ω close parenthesis times open parenthesis a minus bp plus βϕ plus γA close parenthesis minus one half times λA squared, labeled equation two.]
We use the reverse induction method to calculate the second-order partial derivative of and on Formula 2 and get the Hessian matrix as follows: [image: The image shows a mathematical equation with a matrix and its determinant. \( H = \begin{pmatrix} -2b & \gamma \\ \gamma & -\lambda \end{pmatrix} = -\gamma^2 \).] +2bλ.
Therefore, when [image: The image contains a mathematical inequality: negative 2b is less than zero.] and [image: Mathematical expression showing negative gamma squared.] +2b [image: Please upload the image or provide a URL so I can generate the alternate text for you.], the profit function of home appliance retailers is a concave function of [image: Please upload the image so I can generate the alternate text for it.] and [image: Sure, but I need you to either upload the image or provide a URL to it.], and there is an optimal solution. Let the first derivation be equal to 0 and be solved simultaneously to get
[image: Mathematical formula for \( p_d \) equals \(\frac{-\omega y^2 + (a + b \omega + \beta \varphi ) \lambda}{-y^2 + 2b \lambda} \), labeled as equation 3.]
[image: Equation depicting \( A_i = \frac{(a - b\omega + \beta \varphi)\gamma}{-\gamma^2 + 2b\kappa} \), labeled as equation (4).]
Then, substitute (3–4) into (1) and calculate the second-order partial derivative of [image: It seems you have not uploaded an image. Please upload the image, and I will help generate the alternate text for you.] and [image: Please upload the image or provide a URL, and I will help you generate the alt text for it.], respectively; the Hessian matrix is obtained as follows:
[image: Matrix \( H \) equals a two-by-two matrix with elements: first row, negative four b squared lambda over negative two gamma squared plus four b lambda, two b beta over negative two gamma squared plus four b lambda; second row, two b beta over negative two gamma squared plus four b lambda, two eta times gamma squared minus two b lambda over negative two gamma squared plus four b lambda. This equals b squared lambda times negative two eta gamma squared plus four b eta lambda minus lambda beta squared over quantity gamma squared minus two b lambda squared.]
Therefore, when [image: The inequality shows a fraction with a numerator of \(2b^2 \lambda\) and a denominator of \(y^2 - 2b \lambda\) that is less than zero.] and [image: The mathematical inequality \( \frac{b^2 \lambda (-2m y^2 + 4 b m y \lambda - \lambda \beta^2)}{(y^2 - 2b \lambda)^2} > 0 \).], the profit function of home appliance manufacturers is a concave function of [image: Please upload the image or provide a URL for me to generate the alt text.] and [image: If you upload an image or provide a URL, I can help generate the alt text for it. Please include any specific details or context that would be helpful.], and there is an optimal solution. Let the first derivation be equal to 0, and when solved simultaneously, we can get
[image: Equation for \( \omega_i \) is shown:   \[ \omega_i = \frac{(a + bc \eta)(-\gamma^2 + 2b \lambda) - bc \lambda \beta^2}{b(-2 \eta \gamma^2 + 4 b \eta \mu - \lambda \beta^2)}. \]   Labeled as equation (5).]
[image: The image shows a mathematical equation for φᵢ. The equation is: φᵢ = ((a - bc)λβ) / (-2ηγ² + 4bηλ - λβ²). The equation is labeled as equation (6).]
By substituting (5–6) into (3–4), the values of optimal decision variables [image: It seems there may have been an error with the image upload. Please try uploading the image again, and I will assist you with creating alternate text for it.] and [image: Please upload the image you would like me to generate alternate text for.] are obtained as follows:
[image: Equation \( p_i' = \frac{a n (y^2 - 3b \lambda) + b c \left( n (y^2 - b \lambda) + \lambda \beta^2 \right)}{b \left( 2 n (y^2 - 2b \lambda) + \lambda \beta^2 \right)} \), labeled as equation (7).]
[image: Equation labeled as (8) showing \( A_i^k = \frac{(-a + bc) \eta \gamma}{2 \eta (\gamma^2 - 2 b \kappa) + \lambda \beta^2} \).]
By substituting (5–8) into (1–2), we obtain the profit function of home appliance manufacturers and retailers as follows:
[image: Equation showing \(\pi^{d,i}_M = \frac{(a-bc)^2 p \lambda}{-4 \eta p^2 + 8 \eta p \lambda - 2 \lambda \beta^2}\), labeled as equation (9).]
[image: Equation for \( \hat{\pi}_{R}^{*} \) expressed as \(\frac{(a-bc)^{2} r^{2} \lambda (-r^{2} + 2b \lambda)}{2(2n(r^{2}-2b \lambda) + \lambda \beta^{2})^{2}}\), labeled as equation (10).]
At the same time, we can get the optimal profit function of the home appliance supply chain as follows:
[image: Equation representing \(\pi_{SC}^{d*}\) as the sum of \(\pi_M^{d*}\) and \(\pi_R^{d*}\), equal to the fraction \(\frac{(a-bc)^2 \eta (\lambda(-3\eta^2 + 6b \eta \lambda - \lambda \beta^2))}{2(2 \eta (\eta^2 - 2b \lambda) + \lambda \beta^2)^2}\), labeled as equation 11.]
Only when [image: Mathematical expression with variables: \(\omega^{\dagger}_d\), \(\phi^{\dagger}_d\), \(p^{\dagger}_d\), \(A^{\dagger}_d\), \(\pi^{\dagger}_M\), \(\pi^{\dagger}_R\), \(\pi^{\dagger}_{SC}\) greater than zero.], home appliance manufacturers and retailers will conduct investment and manufacturing activities, so [image: It seems there's a format issue with your request. If you're referring to an actual image, please upload or provide a URL for generating alt text. If this is a text-based equation, it states: "a minus b times c is greater than zero." Let me know if you need anything else!] should be satisfied with the following same reasoning.
4.2 Decentralized decision-making of green intelligent home appliance supply chain considering consumer subsidy (Model M)
In order to encourage consumers to purchase green intelligent home appliances, the government subsidizes consumers with an amount of [image: Please upload the image or provide a URL so I can generate the alt text for you.], which will directly affect the price of products purchased by consumers, and the actual purchase price of consumers is [image: I am unable to generate alt text without access to the image. Please provide the image or a URL to it, and I will assist you with generating the alternate text.]. The profit function of home appliance manufacturers and retailers is as follows:
[image: Mathematical equation displaying the expression for profit, pi subscript M superscript pi, equal to open parenthesis omega minus c close parenthesis times open parenthesis a minus b times open parenthesis p minus s close parenthesis plus beta phi plus gamma lambda close parenthesis minus one half times eta phi squared, with reference number twelve.]
[image: Mathematical equation displaying \( \pi^{m}_{R} = (p - \omega)(a - b(p - s) + \beta \varphi + \gamma \lambda) - \frac{1}{2} \lambda A^2 \). It is labeled as equation (13).]
We use the reverse induction method to obtain the optimal decision of [image: Please upload the image or provide a URL so I can help generate the alternate text for it.], [image: Please upload the image or provide a URL, and I will generate the alternate text for you.], [image: Please upload the image or provide a URL for me to generate the alternate text.], and [image: Please upload the image for me to generate the alt text.] as follows:
[image: The image shows a mathematical equation: \(\omega_m = \frac{(a + b(s + c\iota))\eta(-\gamma^2 + 2b\lambda) - bc\alpha\beta^2}{b(-2\eta\gamma^2 + 4b\eta\lambda - \lambda\beta^2)}\), labeled as equation (14).]
[image: Mathematical equation showing φ subscript m equals fraction with numerator left parenthesis a plus b multiplied by left parenthesis negative c plus s right parenthesis right parenthesis times λβ, and denominator negative 2ηγ squared plus 4bημλ minus λβ squared. Equation number 15.]
[image: The image shows a mathematical equation labeled as equation (16). It represents the variable \( \dot{p}_m \), given by the fraction with the numerator: \( \eta(a + bs)(r^2 - 3b\lambda) + bc(\eta(r^2 - b\lambda) + \lambda \beta^2) \), and the denominator: \( b(2\eta(r^2 - 2b\lambda) + \lambda \beta^2) \).]
[image: Equation showing A sub m star equal to negative open parentheses a plus b times open parentheses c plus s close parentheses close parentheses times eta gamma divided by 2 eta open parentheses gamma squared minus 2 b lambda close parentheses plus lambda beta squared.]
By substituting (14–17) into (12–13), we obtain the following profit functions of home appliance manufacturers and retailers
[image: Equation showing \(\pi^{\lambda}_{M}\) equals the fraction \((a + b(c + s))^{2} \eta \lambda\) over \(-4 \eta \gamma^{2} + 8 b \eta \lambda - 2 \lambda \beta^{2}\), labeled as equation 18.]
[image: A mathematical expression for π subscript R superscript m equals the fraction with the numerator containing (a plus b minus (c plus s)) raised to the power of m, multiplied by π squared, λ, and (γ squared plus two bλ). The denominator contains two, multiplied by η times (γ squared minus two bλ) plus λβ squared. Equation labeled as nineteen.]
At the same time, we get the following optimal profit function of the home appliance supply chain:
[image: The equation shown is \( \pi_{GC}^{m^n} = \pi_M^{m^n} + \pi_R^{m^n} = \frac{(a + b (-c+s)) \eta \lambda (-3 \eta \gamma^2 + 6b \eta \mu - \lambda \beta^2)}{2 (2 \eta (\gamma^2 - 2b \lambda) + \lambda \beta^2)^2} \). It is labeled as equation (20).]
The derivation process is similar to that mentioned in Section 4.1 and is hence not repeated here.
Corollary 1. In decision-making Model M, under the consumer subsidy policy, the first-order partial derivative of [image: Please upload the image or provide a URL so I can generate the alt text for you.] is obtained as follows:
[image: Equation representing a series of inequalities: the partial derivative of omega with respect to s is less than or equal to zero, followed by six partial derivatives—p_sub_m, A_sub_m, phi_sub_m, pi_super_m, pi_super_r, and pi_sub_s c—with respect to s, all greater than zero.]
Corollary 1 shows that government subsidies to consumers can encourage them to purchase more green intelligent home appliances, and then home appliance manufacturers and retailers can make more green efforts and choose to increase wholesale and retail prices of green intelligent home appliances to make up for their green investments. It can be seen that the consumer subsidy policy can promote the overall low-carbon green benefits and income of the home appliance supply chain.
Proof of Corollary 1. The proof process is as follows:
[image: Partial derivative equations showing inequalities related to mathematical functions in terms of \( \eta \), \( \lambda \), and \( b \). The equations involve terms \( b\eta(-\gamma^2 + 2b\lambda) \) and \( b\eta(\gamma^2 - 3b\lambda) \), each divided by expressions involving \( 2\eta\gamma^2 \), \( 4b\eta \), and \( \lambda\beta^5 \). Both inequalities are greater than zero.]
[image: Partial derivative equations describe changes in variables. The equation for the derivative of \(A_m\) with respect to \(s\) involves negative \(b \eta\) divided by \(2 \eta \beta^2 - 4 b \eta \lambda + \lambda \beta^2\), and it is greater than zero. The equation for the derivative of \(\phi_m\) with respect to \(s\) involves \(b \lambda \beta\) divided by \(-2 \eta \beta^2 + 4 b \eta \lambda - \lambda \beta^2\), also greater than zero.]
[image: Mathematical equations showing derivatives and inequalities involving variables like \( b \), \( a \), \( bc \), \( bs \), \( \eta \), \( \lambda \), and \( \beta \). The equations compare the derivatives with respect to \( s \), indicating conditions for them to be greater than zero.]
[image: Mathematical equation showing the derivative of a variable with respect to \( s \). The expression is a fraction where the numerator is \( 2b(a - bc + bs)\mu(-3\eta\gamma^2 + 6b\mu\lambda - \lambda \beta^2) \) and the denominator is \( 2(2\eta\gamma^2 - 4b\mu\lambda + \lambda\beta^2)^2 \), compared to zero.]
Through the algebraic operation, we found that when government provides subsidies to consumers, with the increase of consumer subsidy, there is an increase in the wholesale price and technological innovation efforts of the green intelligent home appliances produced by home appliance manufacturers, and the retail price and marketing publicity efforts of home appliance retailers increase. At the same time, the profits of home appliance manufacturers and retailers, and the total profit of the supply chain increase accordingly. When [image: Graph with a downward-facing parabola representing the function \( -y^2 \). The graph shows a curved line opening downward around the origin, illustrating a negative quadratic relationship.] +2bλ [image: Please upload the image you want me to describe, and I'll generate the alternate text for it.] and [image: The mathematical expression is negative two eta gamma squared plus four b eta lambda minus lambda beta squared is greater than zero.], the aforementioned relationship is established.
4.3 Decentralized decision-making of green intelligent home appliance supply chain considering cost-sharing contract (Model C)
In order to encourage home appliance manufacturers to increase technological innovation investment, home appliance retailers have the motivation to share some technological innovation costs of home appliance manufacturers, thereby improving the decision-making levels and achieving supply chain coordination. When home appliance manufacturers and retailers reach a cost-sharing contract, the ratio of technological innovation costs share by retailers is [image: Please upload the image or provide a URL so I can generate the alternate text for you. If you have a specific description or caption, feel free to share that as well.] and the ratio share by manufacturers is [image: It seems like there was an issue with the text. Please upload the image or provide a description, and I will help you generate the alternate text.]. The profit function of home appliance manufacturers and retailers is as follows:
[image: The mathematical expression shows \(\pi_{M}^{\tau} = (\omega - c)(a - b\rho + \beta\rho + \gamma A) - \frac{1}{2}(1 - \theta)\eta \rho^{2}\), labeled as equation (21).]
[image: Mathematical equation depicting a formula: τ subscript R equals (ρ minus ω) multiplied by (a minus bρ plus βφ plus γλ) minus one-half λΛ squared minus one-half θηφ squared, labeled as equation (22).]
We use the reverse induction method to calculate the second-order partial derivative of Formula 22 and get the Hessian matrix as follows: [image: Matrix equation showing H equals a two-by-two matrix with elements negative two b, gamma, gamma, and negative lambda, equating to negative gamma squared.] +2bλ.
Therefore, when [image: Mathematical expression showing negative two times b is less than zero.] and [image: Mathematical expression showing a negative sign followed by a squared gamma symbol.] +2b [image: Please upload the image or provide a URL for me to generate the alternate text.], the profit function of home appliance retailers is a concave function of [image: Please upload the image or provide a URL to it, and I will help generate the alternate text for it.] and [image: It seems there is no image provided. Please upload the image or provide a URL, and I will generate the alternate text for you.], and there is an optimal solution. Let the first derivation equal to zero and be solved simultaneously to get
[image: \( p_{c} = \frac{-\omega \gamma^{2} + (a + b \omega + \beta \varphi) \lambda}{-\gamma^{2} + 2b \lambda} \), labeled equation (23).]
[image: \( A_i^* = \frac{(a - b \omega + \beta \varphi) \gamma}{- \gamma^2 + 2b} \). Equation 24.]
We then substitute (23–24) into (21) and calculate the second-order partial derivative of its [image: Please upload the image or provide a URL, and I will generate the alternate text for you.] and [image: Please upload the image you would like me to generate alternate text for.], and the Hessian matrix obtained is as follows:
[image: Matrix equation with variable H defined as a three-by-three matrix with elements using parameters b, λ, γ, β, θ, and η. The right side shows H expanded into a fraction with b squared, λ, and other parameters in the numerator and denominator.]
Therefore, when [image: The inequality displays a fraction where the numerator is \(2b^2\lambda\) and the denominator is \(y^2 - 2b\lambda\). The expression is less than zero.] and [image: Mathematical inequality showing a fraction. The numerator is \( b^2 \lambda \left( 2 \eta ( -1 + \Theta ) ( \gamma^2 - 2b\lambda ) - \lambda \beta^2 \right) \). The denominator is \( ( \gamma^2 - 2b\lambda )^2 \). The inequality is greater than zero.], the profit function of home appliance manufacturers is a concave function of [image: Please upload the image, and I will generate the alternate text for you.] and [image: Please upload the image you would like me to generate alternate text for.], and there is an optimal solution. Let the first derivation equal to zero and be solved simultaneously to get
[image: The equation displays \( \omega_c \) as the ratio of two expressions. The numerator is \((a + bc\eta)(-r^2 + 2b\lambda)(-1 + \theta) + bc\lambda\beta^2\), and the denominator is \(b(-2\eta(-1 + \theta)(r^2 - 2b\lambda) + \lambda\beta^2)\). It is labeled as equation (25).]
[image: The equation displays \(\varphi_{\text{c}} = \frac{(a - bc\Lambda) \beta}{2 \eta (-1 + \theta) (\gamma^2 - 2b \Lambda) - \lambda \beta^2}\), labeled as equation (26).]
Substituting (25–26) into (23–24), the values of the optimal decision variables [image: It seems like there was an error in uploading the image. Please try uploading it again, and I will be happy to help you generate the alternate text.] and [image: It looks like you're trying to upload an image, but it didn't come through. Please try uploading the image again, and I'll help you create the alternate text for it.] are obtained as follows:
[image: Mathematical equation showing: \( P_{e}^{*} = \frac{an(y^2 - 3b\lambda)(-1 + \theta) + bc\eta(y^2 - b\lambda)(-1 + \theta - bc\lambda\beta^2)}{b(2\eta(-1 + \theta)(y^2 - 2b\lambda) - \lambda\beta^2)} \), labeled as equation (27).]
[image: Equation for \( A_{i}^{c} \) shown as \((a - bc) \eta \gamma (1 + \theta)\) over \(-2 \eta (1 + \theta)(y^{2} - 2bk) + \lambda \beta^{2}\). Labeled as equation 28.]
Substituting (25–28) into (21–22), we obtain the profit function of appliance manufacturers and retailers as follows:
[image: Mathematical equation showing π subscript M superscript asterisk equals the fraction numerator open parenthesis a minus b c squared close parenthesis λ gamma left parenthesis one plus θ right parenthesis over the denominator 2 λ beta squared minus 4 gamma θ left parenthesis one plus θ right parenthesis left parenthesis γ squared minus 2 b λ right parenthesis. Equation number 29.]
[image: Mathematical equation showing \(\pi^{\ast}_{k}\) equals \(\frac{(a - bc)^{2} \lambda \eta (-\eta (y^{2} - 2b\lambda)(-1 + \theta)^{2} - \lambda \theta \beta^{2})}{2(-2\eta (-1 + \theta)(y^{2} - 2b\lambda) + \lambda \beta^{2})^{2}}\).]
At the same time, we get the optimal profit function of the home appliance supply chain as follows:
[image: Mathematical expression showing an equation for π^𝜏_SC as the sum of π^𝜏_M and π^𝜏_R. It equals a complex fraction with terms involving a, b, c, λ, η, θ, and β. The numerator is (a - bc)^2 λη( - 3ηγ^2 - 2bλ)( - 1 + θ^2) - λβ^2. The denominator is 2( - 2η( - 1 + θ)(γ^2 - 2bλ) + λβ^2)^2. Equation number 31 is at the end.]
Corollary 2. In the decision-making model C, under the condition of cost sharing of technological innovation, the first-order partial derivative of θ is obtained as follows:
[image: Partial derivatives of variables with respect to theta are greater than zero, sequentially shown as: omega, p, A, and phi, each labeled with subscript "c".]
Corollary 2 shows that home appliance retailers share the cost of technological innovation, which reduces the cost of technological innovation investment of home appliance manufacturers, and then home appliance manufacturers make more green efforts to improve the innovation level of green intelligent home appliances. At the same time, to ensure profits, home appliance manufacturers choose to increase the wholesale price of green intelligent home appliances. With the rise in the innovation level of green intelligent home appliances, market demand expands, prompting home appliance retailers to improve the level of marketing publicity efforts. At the same time, in order to ensure profits, home appliance retailers tend to increase the retail price of green intelligent home appliances. It can be seen that the introduction of the cost-sharing contract can further increase the enthusiasm in the production and investment of node enterprises in the home appliance supply chain.
Proof of Corollary 2. The proof process is as follows:
[image: Mathematical expressions showing derivatives greater than zero. The first expression is a partial derivative of \(\dot{\omega}_{c}^{*}\) with respect to \(\Theta\), involving variables \(a\), \(b\), \(c\), \(\beta\), \(\eta\), \(\gamma\), \(\lambda\). The second expression is a partial derivative of \(p_{c}^{*}\) with respect to \(\Theta\), involving similar variables. Both have complex fraction forms.]
[image: Two mathematical inequalities are shown. The first inequality is the partial derivative of \(A_c^*\) with respect to \(\theta\), expressed as \(\frac{\partial A_c^*}{\partial \theta} = \frac{(a-bc)\eta \gamma \lambda \beta^2}{(-2\eta (-1+\theta)(\gamma^2-2b\lambda)+\lambda \beta^2)^2} > 0\). The second inequality is the partial derivative of \(\phi_c^*\) with respect to \(\theta\), expressed as \(\frac{\partial \phi_c^*}{\partial \theta} = \frac{-(a-bc)\lambda \beta 2\eta (\gamma^2-2b\lambda)}{(2\eta (-1+\theta)(\gamma^2-2b\lambda)-\lambda \beta^2)^2} > 0\).]
Through the algebraic operation, we found that when home appliance retailers share the cost of technological innovation efforts, with the increase in cost-sharing ratio, the wholesale price and technological innovation efforts of the green intelligent home appliances produced by home appliance manufacturers, and the retail price and marketing publicity efforts of home appliance retailers increase. When [image: Mathematical expression showing the negative of gamma squared, represented as "-γ²".] +2bλ [image: Please upload the image or provide a URL for me to generate the alternate text.] and [image: The mathematical expression \(2\eta(-1+\theta)(\gamma^2-2b\lambda)-\lambda\beta^2>0\).], the aforementioned relationship is established.
Corollary 3. In the decision-making model C, under the condition of cost sharing of technological innovation, the first-order partial derivative of θ is obtained as follows:
When [image: Inequality with theta is less than a fraction. The numerator is lambda times beta squared. The denominator is four eta times the quantity negative gamma squared plus two b lambda.], [image: A mathematical expression showing the partial derivative of \(\pi^{*}\) with respect to \(\theta\) is greater than zero.], oppose [image: Partial derivative symbol representing the derivative of \(\pi\) with respect to \(\theta\) is less than zero, indicating a negative relationship.]; [image: Partial derivative of pi sub M with respect to theta is greater than zero.];when [image: Theta is less than or equal to one-third.], [image: Partial derivative of pi subscript s c superscript star with respect to theta is greater than zero.], oppose [image: Partial derivative of pi subscript C with respect to theta is less than zero.];
Corollary 3 shows that when home appliance retailers share the cost of technological innovation, as the cost-sharing ratio increases, the cost of technological innovation for home appliance manufacturers gradually decrease and their profits gradually increase. Under a reasonable cost-sharing ratio, although the home appliance retailers bear a part of the technological innovation investment cost of home appliance manufacturers, it promotes the production enthusiasm of home appliance manufacturers, expands market demand, and increases profits of home appliance retailers. However, when the cost-sharing ratio is very high, the cost of home appliance retailers exceeds the profits, and their participation enthusiasm decreases, resulting in a decrease in the overall profits of the home appliance supply chain.
Proof of Corollary 3. The proof process is as follows:
[image: Mathematical equations demonstrating derivatives of profit functions, including \(\frac{\partial \pi_{sc}^{E}}{\partial \theta}\), \(\frac{\partial \pi_{M}^{*}}{\partial \theta}\), and \(\frac{\partial \pi_{sc}^{sc}}{\partial \theta}\). These functions involve parameters like \(a\), \(bc\), \(\lambda\), \(\beta\), \(\eta\), \(\theta\), \(\gamma^2\), and \(b \lambda\). The equations explore conditions where \(\theta\) influences the signs of derivatives, indicating whether to oppose or support based on given conditions.]
Through the algebraic operation, we found that when home appliance retailers share the cost of technological innovation, the profits of home appliance manufacturers increase with the increase in cost-sharing ratio; when [image: θ is less than the fraction where the numerator is lambda times beta squared, and the denominator is four eta times the quantity negative gamma squared plus two b lambda.], the retailer’s profit increases, and when [image: θ is greater than the fraction with numerator lambda beta squared and denominator four eta multiplied by the expression negative gamma squared plus two b lambda.], the retailer’s profit decreases; when [image: The mathematical expression shows \( \theta < \frac{1}{3} \).], the total profit of the supply chain increases, and when [image: Mathematical expression showing the inequality theta is greater than one-third.], the total profit of the supply chain decreases. When [image: Mathematical expression showing negative gamma squared (-γ²).] + 2bλ [image: Please upload the image you'd like me to generate alt text for. You can drag and drop the image here or provide a URL.] and [image: An inequality expression showing \(2 \eta ( -1 + \theta)(\gamma^2 - 2b \lambda) - \lambda \beta^2 > 0\).], the aforementioned relationship is established.
4.4 Decentralized decision-making of green intelligent home appliance supply chain considering consumer subsidy and cost-sharing contract (Model U)
We further analyze the impact of consumer subsidy and cost-sharing contract on the optimal decision-making of home appliance manufacturers and retailers. The profit function of home appliance manufacturers and retailers is as follows:
[image: Mathematical equation displaying variables and parameters: \(\pi_M^{\text{int}} = (\omega - c)(a - b(p - s) + \beta q + \gamma A) - \frac{1}{2}(1 - \theta)\eta p^2\), denoted as equation 32.]
[image: Mathematical expression showing the profit equation: \(\pi_R^k = (p - \omega)(a - b(p - s) + \beta q + \gamma A) - \frac{1}{2}\lambda A^2 - \frac{1}{2}\theta \eta q^2\).]
We use the reverse induction method to obtain the optimal decision of [image: Please upload the image or provide a URL so I can help generate the alt text for you.], [image: I am unable to view or analyze the image directly. Please upload the image or provide a URL, and I'll generate the alt text for you.], [image: Please upload the image or provide a URL so I can generate the alternate text for it. If you have a specific caption or context in mind, feel free to include that as well.], and [image: It seems there is no image attached. Please upload the image you'd like me to generate alternate text for.] as follows:
[image: Equation labeled 34 shows ω subscript u equal to the fraction with numerator: (a plus b(c plus s))η(y squared plus 2bλ)(-1 plus θ) plus bcλβ squared. Denominator: b(-2η(-1 plus θ)(y squared minus 2bλ) plus λβ squared).]
[image: The mathematical expression shows \( \varphi_{iu} = \frac{(a+b(-c+s))\lambda \beta^8}{2\eta(-1+\Theta)(y^2-2b\lambda)-\lambda \beta^2} \), labeled as equation 35.]
[image: Mathematical equation showing \(P_{\text{tu}} = \frac{\eta (a + bs) (\gamma^2 - 3b \lambda) (-1 + \theta) + bc \eta (\gamma^2 - b \lambda) (-1 + \theta - bc \lambda \beta^2)}{b (2 \eta (-1 + \theta) (\gamma^2 - 2b \lambda) - \lambda \beta^2)}\) labeled as equation 36.]
[image: Equation for \( A_{u}^{*} \) showing a fraction. The numerator is \((a + (-c + s)b)\eta \gamma (1 + \theta)\). The denominator is \(-2 \eta (1 + \theta)(\gamma^2 - 2b\theta) + \lambda \beta^2\). Numbered as equation (37).]
By substituting (34–37) into (32–33), we obtain the profit function of home appliance manufacturers and retailers as follows:
[image: Equation for \(\pi_M^*\): numerator \((a+b-(c+s))^2 \lambda \eta(1+\theta)\), denominator \(2 \lambda \beta^2 - 4 \eta(1+\theta)(\gamma^2 - 2b\lambda)\), labeled as equation \(38\).]
[image: Equation labeled 39 showing \( x''_R \) equals the fraction \((a + b - (c + s)) \lambda \eta ( \eta ( y^2 - 2 b \lambda ) ( -1 + \theta^2 ) - \lambda \theta \beta^2 )\) over \(2 ( -2 \eta ( 1 + \theta )( y^2 - 2 b \lambda ) + \lambda \beta^2 )^2\).]
At the same time, we can get the optimal profit function of the home appliance supply chain as follows:
[image: Equation describing \( x_{cc}^u = \pi_M^{u} + \pi_R^{u} \), representing the relationship between variables. The equation involves various parameters: \( a, b, c, s, \lambda, \gamma, y, \theta \), and is fractionated. The denominator contains terms involving \( y^2 \), \( 2b \lambda \), and squared components. Numbered as equation (40).]
The derivation process is similar to that mentioned in Section 4.3 and is hence not repeated here.
Corollary 4. For the home appliance supply chain, under a certain cost-sharing ratio, the benefits brought by decentralized decision-making in the green intelligent home appliance supply chain with the consumer subsidy are better than those brought by decentralized decision-making in the green intelligent home appliance supply chain without consumer subsidy, that is, [image: Mathematical expression showing \(\pi^{u^*}_{SC}\) is greater than \(\pi^{c^*}_{SC}\).].
Proof of Corollary 4. The proof process is as follows:
[image: A mathematical expression representing an inequality. The expression shows the difference between π subscript SC and π subscript C, equal to a complex fraction. The fraction's numerator is \(bs(bs + 2(a - bc))(η(-3η(y^2 - 2bλ)(-1 + θ)^2 - λβ^2))\). The denominator is \(2(-2η(-1 + θ)(y^2 - 2bλ) + λβ^2)^2\). The inequality is greater than zero.]
When [image: Mathematical expression showing negative gamma squared, denoted as minus gamma raised to the power of two.] +2bλ [image: Please upload the image or provide a URL to generate the alternate text.] and [image: Mathematical inequality featuring the expression: negative three eta times the square of gamma minus two times b times lambda, multiplied by the square of negative one plus theta, minus lambda times the square of beta, is greater than zero.], the aforementioned relationship is established.
Corollary 5. For home appliance manufacturers, under a certain amount of consumer subsidies, the benefits brought by decentralized decision-making in the green intelligent home appliance supply chain with cost-sharing contract are better than those brought by decentralized decision-making in the green intelligent appliance supply chain without cost-sharing contract, that is, [image: Mathematical expression showing \(\pi_{M}^{u^*} > \pi_{M}^{m^*}\).].
Proof of Corollary 5. The proof process is as follows:
[image: Mathematical equation showing \( x^{r*}_{H} - x^{r*}_{M} = \frac{-2(a+b-c+s)^{3} \lambda^{3} \beta \eta \theta}{(2\lambda)^{2} - 4\eta(1+\theta)(\gamma-2\beta \lambda)((-4\eta)^{2} + 8b \eta - 2\lambda \beta)^{3}} > 0 \).]
When [image: The inequality displayed is: negative 2 times eta times gamma squared plus 4 times b times eta times lambda minus lambda times beta squared is greater than zero.] and [image: Mathematical expression: \(2\eta(-1+\theta)(\gamma^2-2b\lambda)-\lambda\beta^2>0\).], the aforementioned relationship is established.
Corollary 6. In the decision-making model D, the first-order partial derivative of [image: Please upload the image or provide a URL so I can generate the alt text for you.] and [image: Please upload the image or provide a URL for me to generate the alt text.] is obtained as follows:
[image: Partial derivatives of phi sub d and A prime sub d with respect to beta and gamma are all greater than zero.]
Corollary 6 shows that with the increase of consumers’ green intelligence preference and green marketing sensitivity, that is, the more the consumers prefer green intelligent home appliances, the more the consumers will want to buy them, which will promote home appliance manufacturers to improve the level of product technological innovation and produce green intelligent home appliances, and promote retailers to improve the level of marketing publicity efforts to meet the market demand.
Proof of Corollary 6. The proof process is as follows:
[image: Mathematical equations showing the partial derivatives of phi subscript d. The first equation is the derivative with respect to beta, and the second with respect to gamma. Both involve variables a, b, c, beta, gamma, eta, and lambda, with the expressions greater than zero.]
[image: Partial derivatives of \(A_d^i\) with respect to \(\beta\) and \(y\) are shown. \(\frac{\partial A_d^i}{\partial \beta} = \frac{-(a + bc)\eta y 2 \lambda \beta}{(2 \eta y^2 - 4 b \eta \lambda + \lambda \beta^2)^2} > 0\); \(\frac{\partial A_d^i}{\partial y} = \frac{-(a + bc)\eta (-2 \eta y^2 - 4 b \eta \lambda + \lambda \beta^2)}{(2 \eta y^2 - 4 b \eta \lambda + \lambda \beta^2)^2} > 0\).]
Through the algebraic operation, we found that with the increase in consumers’ green intelligence preference and green marketing sensitivity, the level of technological innovation efforts and marketing publicity efforts increases. When [image: The mathematical expression is negative two eta times the quantity gamma squared minus two b lambda plus lambda beta squared is greater than zero.], the aforementioned relationship is established. Similarly, in decision Model M, Model C, and Model U, with the increase in consumers’ green intelligence preference and green marketing sensitivity, the level of technological innovation efforts and marketing publicity efforts increases. The proof process is not repeated here.
5 NUMERICAL SIMULATION
In order to better verify the changing relationship between the parameters, this section compares and analyzes the parameters by assigning them. First, we describe and explain the parameters involved in the article in the third part of the problem description and model assumptions. Then, based on these descriptions, we refer to the previous relevant literature and set the values of the fixed parameters (Lou and Ma, 2018; Ma et al., 2020; Xing et al., 2023). These values are as follows: [image: Please upload the image you would like me to generate alternate text for.] = 40, [image: It seems there's no image uploaded. Please try uploading the image again or ensure the URL is correct. If needed, you can also provide a caption for more context.] = 1, [image: It seems there's no image uploaded. Please try uploading the image again or provide a URL for the image. If you have a specific caption or context for the image, feel free to include that as well.] = 10, [image: Greek letter "eta" displayed in a cursive, italicized font style.] = 1, [image: Please upload the image or provide a URL for me to assist you with generating the alt text.] = 0.8, [image: It seems there is an issue with the image upload. Please try uploading the image file again, or provide a URL to the image if it's online. You can also add any context or description if needed.] = 0.7, and [image: Please upload the image or provide a URL so I can generate the alternate text for you.] = 0.5.
5.1 Impact of consumer subsidy amount [image: Please upload the image or provide a URL so I can help generate the alternate text for it.] on green intelligent home appliance supply chain decision-making
Within the range of conditions that satisfy the existence of an optimal solution, when [image: It looks like there was an issue with your image upload. Please try again by uploading the image file or providing a URL. You can also add a caption for more context.] = 0.33 is taken, we analyze the impact of the consumer subsidy amount on green intelligent home appliance supply chain decision-making. As shown in Figure 2, from Model M and Model U, it is seen that the total profit of the home appliance supply chain increases with the increase in consumer subsidy amount. As shown in Figure 3, from Model M and Model U, it is seen that the level of technological innovation efforts of home appliance manufacturers tend to increase as consumer subsidy amount increases. As shown in Figure 4, from Model M and Model U, it is seen that the level of marketing publicity efforts of home appliance retailers is positively correlated with the consumer subsidy amount. That is to say, as the amount of government subsidy to consumers increases, the total profit of the supply chain, level of technological innovation efforts, and level of marketing publicity efforts increase accordingly, all of which are greater than they are in the case of Model D. Therefore, the consumer subsidy policy can promote the overall green benefits and income of the home appliance supply chain. Corollary 1 is verified. In addition, Figures 2–4 show that Model U is always higher than Model M, Model C, and Model D, which shows that when the cost-sharing contract is introduced into the home appliance supply chain, the technological innovation efforts of home appliance manufacturers, marketing publicity efforts of home appliance retailers, and total profit of the supply chain in the consumer subsidy scenario are better than that of the other three scenarios. Therefore, consumer subsidy further improves the overall benefit of the home appliance supply chain. Corollary 4 is verified. Finally, Figure 2 shows that when [image: It seems there was an issue with the image upload. Please try uploading the image again, and I will be glad to help generate the alternate text for it.] (0.5,3), Model M is higher than Model C. Figure 4 shows that when [image: If you upload an image or provide a URL, I can help generate alt text for it. Let me know if you need assistance with this!] (2.738, 3), Model M is higher than Model C. In Figure 3, Model C is always higher than Model M. This suggests that in the two decision models that consider the impact of consumer subsidy on green intelligent home appliance supply chain decision-making and the impact of cost-sharing contract on green intelligent home appliance supply chain decision-making, consumer subsidy has a more significant impact on the total profit of the supply chain and the level of retailer’s marketing publicity efforts than it does on the cost-sharing contract; and the cost-sharing contract has a more significant impact on the level of the manufacturer’s technological innovation efforts than it does on consumer subsidy.
[image: Line graph depicting total supply chain price versus consumer subsidy amount for four models: Model C, Model D, Model G, and Model H. Model C and D are constant, with Model C at 250 and Model D at 260. Model G and H show linear increases; Model G ranges from 260 to 310, and Model H from 270 to 300 as the subsidy amount increases from 0 to 3. Each model is distinguished by different colored lines: blue for Model C, red for Model D, green for Model G, and black for Model H.]FIGURE 2 | Impact of consumer subsidy amount on the total profit of the green intelligent home appliance supply chain.
[image: Line graph showing the relationship between consumer subsidy amount and the level of technological innovation efforts for four models: Model D (gray), Model M (green), Model C (red), and Model U (blue). The x-axis represents consumer subsidy amount, ranging from zero to three, and the y-axis measures technological innovation efforts, ranging from six to fourteen. Each model shows different levels of response to subsidy amounts, with Model D having the highest effort levels, followed by Model M, Model C, and Model U.]FIGURE 3 | Impact of consumer subsidy amount on the level of technological innovation efforts.
[image: Line graph showing the impact of marketing publicity efforts versus consumer subsidy amount. Four models are compared: Model D, Model M, Model C, and Model U. Model D increases sharply, Model M has a moderate increase, Model C remains constant, and Model U slightly increases. The x-axis represents consumer subsidy amount from 0 to 3, and the y-axis represents the impact, starting at 6.25 to 7.5.]FIGURE 4 | Impact of consumer subsidy amount on the level of marketing publicity efforts.
5.2 Impact of cost-sharing ratio [image: Please upload the image or provide a URL, and I can help generate the alternate text for it.] on green intelligent home appliance supply chain decision-making
Within the range of conditions that satisfies the existence of the optimal solution, when [image: Please upload the image or provide a URL for it, and I'll generate the alternate text for you.] = 3 is taken, the impact of the cost-sharing ratio on the home appliance supply chain decision-making is analyzed. Figure 5 shows that in Model C and Model U, the total profit of the home appliance supply chain first increases and then decreases with the increase in cost-sharing ratio, until it is lower than the total profit of the supply chain in Model D and Model M. At [image: Please upload the image or provide a URL so I can help you create the alt text.] = 0.33, the total supply chain profit is maximum. Figure 6 shows that in Model C and Model U, the profit of home appliance manufacturers increases with the increase in cost-sharing ratio, and the two are positively correlated. Corollary 3 is verified. In addition, Figure 6 shows that Model U is higher than Model M, Model C, and Model D, which shows that when the government provides a certain amount of consumer subsidy, the profit of the home appliance manufacturers in the cost-sharing contract scenario is better than it is in the other three scenarios. Corollary 5 is verified. It can be seen from Figures 7, 8 that in Model C and Model U, respectively, with the increase in cost-sharing ratio, the technology innovation efforts of home appliance manufacturers and the marketing publicity efforts of home appliance retailers increase accordingly, both of which are greater than in Model D. Therefore, the introduction of the cost-sharing contract can further increase the enthusiasm of production and investment of node enterprises in the home appliance supply chain. Corollary 2 is verified. In addition, Figures 7, 8 show that Model U is always higher than Model M, Model C, and Model D, which shows that when the government provides a certain amount of consumer subsidy, the technological innovation efforts of home appliance manufacturers and the marketing publicity efforts of home appliance retailers in the cost-sharing contract scenario are better than they are in the other three scenarios. Therefore, the cost-sharing contract can promote the level of green efforts in the home appliance supply chain. Finally, Figure 7 shows that within a reasonable cost-sharing ratio, Model C is higher than Model M when the cost-sharing ratio is greater than 0.079. In Figures 5, 8, Model M is higher than Model C. This suggests that in the two decision models that consider the impact of consumer subsidy on green intelligent home appliance supply chain decision-making and the impact of the cost-sharing contract on green intelligent home appliance supply chain decision-making, consumer subsidy has a more significant impact on the total profit of the supply chain and the level of retailer’s marketing publicity efforts than it does on the cost-sharing contract; and the cost-sharing contract has a more significant impact on the level of the manufacturer’s technological innovation efforts than it does on consumer subsidy.
[image: Line graph showing total supply chain profit against cost-sharing ratio for four models: Model D (black), Model M (green), Model C (red), and Model E (blue). Model D has the highest profit across ratios. Model C decreases significantly beyond a cost-sharing ratio of 0.4.]FIGURE 5 | Impact of cost-sharing ratio on the total profit of the green intelligent home appliance supply chain.
[image: Line graph showing manufacturer profits against cost-sharing ratio for four models. Model D (blue) and Model W (green) remain flat, while Model G (red) and Model J (black) increase. Model J shows the highest profit and steepest increase.]FIGURE 6 | Impact of cost-sharing ratio on the profit of the home appliance manufacturer.
[image: Line graph showing the relationship between cost sharing ratio and the level of technological innovation effect for four models: Model D, Model M, Model C, and Model U. Model D increases steeply, followed by Model C. Models M and U remain nearly constant. The x-axis represents the cost sharing ratio from 0 to 0.3, and the y-axis denotes the level of technological innovation effect from 0 to 12.]FIGURE 7 | Impact of cost-sharing ratio on the level of technological innovation efforts.
[image: Line graph showing the level of marketing publicity efforts against the cost-sharing ratio for four models: Model D (black line) increases steadily, Model M (green line) remains constant, Model C (red line) rises moderately, and Model I (blue line) stays flat.]FIGURE 8 | Impact of cost-sharing ratio on the level of marketing publicity efforts.
5.3 Impact of consumers’ green intelligent preference [image: It seems there might have been a mistake while trying to upload the image. Please try uploading the image again, and I will be happy to help you with the alternate text.] and green marketing sensitivity [image: Please upload the image or provide a URL so I can generate the alternate text for you.]
It can be seen from Figures 9A, B that in Model D, Model M, Model C, and Model U, with an increase of consumers’ green intelligence preference, the technology innovation efforts of home appliance manufacturers and the marketing publicity efforts of home appliance retailers increase accordingly. At the same time, it can be seen from Figures 10A, B that in Model D, Model M, Model C, and Model U, technology innovation efforts and marketing publicity efforts show the same trend of change with the increase of consumers’ green marketing sensitivity. That is, consumers’ green intelligence preference and consumers’ green marketing sensitivity produce spillover benefits, which benefit all enterprises in the home appliance supply chain. Therefore, as consumers increasingly favor green intelligent home appliance products produced by home appliance manufacturers, the market demand gradually increases, and home appliance retailers also increase their marketing publicity efforts to attract more consumers and obtain higher profits. Similarly, as consumers become more sensitive to the marketing publicity of home appliance retailers, the market demand gradually increases, and home appliance manufacturers become more active in improving the innovation level of green intelligent home appliance products to meet consumer green intelligent demands, thereby increasing profits. Corollary 6 is verified.
[image: Two line graphs show the influence of consumers' green intelligent preference on technology and recycling preference. Graph A plots technology preference level, increasing from 0.1 to 1.0. Graph B shows recycling preference level, rising from 5.0 to 7.5. Both graphs compare four models, with each model represented by different colored lines.]FIGURE 9 | Impact of consumers’ green intelligent preference on the level of technological innovation efforts and marketing publicity efforts. (A) Impact of consumers’ green intelligent preference on the level of technological innovation efforts. (B) Impact of consumers’ green intelligent preference on the level of marketing publicity efforts.
[image: Two line graphs labeled A and B depict the impact of consumers' green marketing sensitivity on two metrics. Graph A shows the evolution of green products' market shares with varying sensitivities for models B, C, D, E, and F. Graph B illustrates the impact on marketing pricing efforts across the same models. Both graphs indicate a positive correlation between increased sensitivity and higher values for both metrics, with distinct trajectories for each model.]FIGURE 10 | Impact of consumers’ green marketing sensitivity on the level of technological innovation efforts and marketing publicity efforts. (A) Impact of consumers’ green marketing sensitivity on the level of technological innovation efforts. (B) Impact of consumers’ green marketing sensitivity on the level of marketing publicity efforts.
6 CONCLUSION
This article starts from the perspective of technological innovation and marketing publicity of the green intelligent home appliances supply chain, and it uses the Stackelberg game method to conduct research. With and without consumer subsidy and cost-sharing contract, a three-level supply chain model comprising home appliance manufacturers, retailers, and consumers is constructed to study technological innovation and marketing publicity decisions within the supply chain. The study discusses the impact of consumers’ green intelligent preference, consumers’ green marketing sensitivity, and consumer subsidy and cost-sharing contract on the optimal decision-making of supply chain members.
The results of the model analysis show that: (1) the increase in consumers’ green intelligent preference and consumers’ green marketing sensitivity produces positive spillover effects and promotes the improvement of home appliance manufacturers’ technological innovation efforts and retailers’ marketing publicity efforts. Sun and Yu (2018) and Sharm and Jain (2021) have also confirmed that consumer’s green preference has a positive impact on manufacturers’ green efforts of manufacturers. (2) Consumer subsidy has an incentive effect on the home appliance supply chain. Specifically, consumer subsidy can effectively increase not only the level of technological innovation efforts of home appliance manufacturers and total profit of the supply chain (Long et al., 2022; Pan et al., 2023) but also the level of marketing publicity efforts of home appliance retailers (Yuan et al., 2022). (3) When home appliance retailers adopt cost-sharing contract to help home appliance manufacturers reduce the cost pressure of technological innovation inputs, a reasonable cost-sharing ratio promotes both parties in the supply chain to participate in green activities, stimulate the enthusiasm of supply chain enterprises to increase technological innovation (Qin et al., 2021) and marketing publicity (Sharma and Jain, 2021) investment, increase the total profit of the supply chain, promote the green intelligent development of the home appliance industry, and achieve the coordinated development of economy and environment. However, when the cost-sharing ratio is very high, the operating costs of home appliance retailers are very high, and the enthusiasm for participating in coordination is frustrated, which reduces the overall benefit of the supply chain. Therefore, a reasonable cost-sharing ratio should be formulated to achieve the optimal decision-making effect of the supply chain. (4) When consumer subsidy and cost-sharing contract coexist, a reasonable consumer subsidy amount and cost-sharing contract have a better impact on the total profit of the home appliance supply chain, the level of the manufacturer’s technological innovation efforts, and the level of the retailer’s marketing publicity efforts than they do in the other three scenarios. In addition, in the two decision models that consider the impact of consumer subsidy on green intelligent home appliance supply chain decision-making and the impact of cost-sharing contract on green intelligent home appliance supply chain decision-making, consumer subsidy has a more significant impact on the total profit of the supply chain and the level of retailer’s marketing publicity efforts than does cost-sharing contract; and cost sharing contract has a more significant impact on the level of manufacturer’s technological innovation efforts than does consumer subsidy.
Based on the aforementioned research conclusions, the following management enlightenment is put forward, providing a broader reference for the green intelligent development of China’s home appliance industry. First, the government should increase policy support and provide subsidies to consumers who buy green intelligent home appliances, so as to help home appliance enterprises to improve their return on investments, shorten the economic return cycle, and expand their market scale, thereby raising the enthusiasm of home appliance enterprises in technological innovation and marketing publicity, and thus promoting the green intelligent development of the home appliance industry. Second, for home appliance enterprises, promoting the production and sales of green intelligent home appliances requires the joint efforts of home appliance manufacturers and home appliance retailers. While home appliance manufacturers carry out green technological innovations, home appliance retailers are required to attract more consumers through marketing publicity. On this basis, the introduction of the cost-sharing contract into the home appliance supply chain and a reasonable cost-sharing ratio will further enhance the earnings of enterprises in the home appliance supply chain. Therefore, home appliance enterprises should strengthen the cooperation with each other, further integrate internal resources, and take the initiative to meet market demand to achieve a win–win situation. Finally, the government and home appliance enterprises should actively promote green intelligent home appliances to consumers, cultivate consumers’ green intelligent preferences, and jointly create a strong atmosphere for the pursuit of green and low-carbon development in the whole society so that the concept of green and intelligent sustainable development gets deeply rooted in people’s hearts and minds, which can in turn promote an increase in the benefits of the home appliance supply chain and the continuous improvement of the quality of the ecological environment.
Limitations and future prospects resulting from this study: first, this study deals with optimal decision-making of the green intelligent home appliance supply chain under consumer subsidy policy, without involving the government to provide a certain proportion of the subsidies to home appliance manufacturers and retailers. In future research, it can explore how to achieve a win–win cooperation among all parties in the green intelligent home appliance supply chain while providing government subsidies to home appliance manufacturers and retailers, further improving the innovation level of green intelligent home appliance products, thus proposing a better government subsidy program. Second, this study uses a linear function to estimate the market demand of green intelligent home appliances. However, the market demand is affected by many factors, which makes it difficult to predict the demand. We can further consider the optimal decision-making problem of the green intelligent home appliance supply chain under the condition of uncertain demand. Finally, this study does not consider the risk aversion of home appliance manufacturers’ technological and retailers’ marketing publicity investment activities. In the future, the influence of variables such as the investment risk aversion preference of home appliance enterprises on the green intelligent effort and income of the green intelligent home appliance supply chain can be considered, making the research more detailed and in-depth.
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In order to promote the construction of a clean, low-carbon, and diversified modern rural new energy system, this study examines the development, utilization, connection, and system construction of rural new energy in China. This is done through the classification, integration, and systematic analysis of official statistical data and materials from recent years. Utilizing descriptive statistical analysis, the study holds great theoretical and practical significance. The findings indicate the following: 1) overall, the development of new energy in China’s rural areas is progressing well. However, there is an increasing contradiction between supply and consumption. 2) The new energy industry is experiencing overall growth, accompanied by increasing policy support. Despite this, the industry’s driving effect is not substantial. 3) The development of new energy production equipment in rural areas is lagging, resulting in insufficient cleanliness of energy consumption. There is still a significant gap compared to the goal requirements of agricultural and rural modernization. 4) During the process of rural new energy connection and development, there exists a lack of strong connections between the various subjects of interest. The interest relationship is consequently unstable, necessitating the improvement of a closely-knit interest community. Taking the issue of rural new energy development as its starting point, this paper thoroughly explores the mechanisms driving rural new energy connection. It delves into the interest relationship between the different stakeholders and provides guidelines for optimizing rural new energy system construction. Ultimately, this research aims to contribute to rural revitalization, facilitate the realization of the “double carbon” goal, and establish a modern rural new energy system.
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1 INTRODUCTION
The innovative development of the rural new energy industry is a crucial step toward establishing a green, low-carbon, and diversified rural energy system. It plays a significant role in achieving the dual-carbon goal, consolidating and expanding the achievements of poverty alleviation, promoting the common prosperity of farmers, and advancing agricultural and rural modernization. Additionally, it is an important measure to comprehensively implement the strategy of rural revitalization (Zhou et al., 2022). With the completion of poverty alleviation and the development of rural revitalization, China’s rural energy consumption shows an increasing trend, but because rural energy is mainly based on coal and other non-renewable fossil energy sources, and rural energy consumption has the characteristics of being extensive and dispersed, it has become one of the important sources of greenhouse gas emissions. Rural energy consumption accounted for approximately 15% of the country’s total greenhouse gas emissions in 2021. According to the estimation of the Ministry of Agriculture and Rural Affairs, new energy in rural areas of China can obtain energy equivalent to 7.3 billion tons of standard coal every year, which is 12 times the current total energy in rural areas of China (Chen M. et al., 2022). On 15 March 2023, the National Energy Administration, the Ministry of Ecology and Environment, the Ministry of Agriculture and Rural Affairs, and the National Rural Revitalization Administration jointly issued the Rural Energy Revolution Pilot County Construction Program, which clearly pointed out that to promote rural energy revolution, rural clean energy construction should be increased so as to achieve the dual target of carbon peak and carbon neutrality. The promotion of rural industry upgradation not only drives the expansion of the industrial chain but also supports the development of livable, employment-oriented, and aesthetically pleasing rural areas (Han et al., 2022).
At present, scholars have carried out a lot of research on the exploitation and utilization of rural energy, industrial development, and related policies. Cong et al. (2017) analyzed the main problems and basic needs in China’s rural energy development by discussing the current situation and basic characteristics of living and production energy in China’s rural areas. Zhao et al. (2018), based on the rural energy-related data of 30 provinces and cities in China from 2000 to 2015, using Theil, ESDA, and the spatial Dubin model, analyzed the spatial–temporal changes and influencing factors of rural energy poverty in China, providing a reference for the formulation of China’s rural energy policy. In view of the development status and development and utilization mode of rural energy in China, Sun et al. (2020) studied rural energy by the subdivision of east, central, west, and northeast provinces and pointed out that the local resource mode should be transformed into an economic and industrial advantage. Wu and Zheng (2022) made use of Chinese household energy consumption survey data, studied the income growth and household energy consumption ladder, and pointed out that efficiency should be strengthened to focus on the poor areas and low-income population. Yang and Li (2022), focusing on the rural energy transformation and development and rural revitalization strategy, put forward relevant suggestions on rural energy transformation and development. New energy has a broad development space in rural areas. In recent years, with the promotion of the double carbon goal and the rural revitalization strategy, the development of rural new energy has a new direction (Clausen and Rudolph, 2020).
With the development of the Chinese economy, the development and use of the new energy situation and supply consumption structure and industrial development patterns have all shown new characteristics and changes. The aforementioned studies are focused on China’s rural energy system; however, China’s new energy connection development mechanism problem is not explored. In order to adapt to the new characteristics and changes of its rural new energy development, China should promote the transformation and development of rural energy, strengthen the coordinated development of rural new energy interests, comprehensively promote the reform of rural new energy consumption patterns, build a pluralistic and clean rural new energy supply system, and constantly deepen the reform of the rural new energy system (Ma et al., 2022). By combining the official data on the development of rural new energy in recent years, through a descriptive statistical analysis method, this paper summarizes the status of development and utilization of new energy; puts forward the interest behavior and interest relation of the new energy connection mechanism, in view of the main problems in the construction of a rural new energy system; puts forward relevant suggestions; and provides guidance for the future policy formulation and implementation and the construction of a modern new energy system.
The rest of this paper is organized as follows. Section 2 presents the current situation of rural new energy development and utilization. Section 3 describes the development mechanism of rural new energy connection. Section 4 introduces the optimization of rural new energy system construction. Section 5 elaborates on the revelation and deficiency of the conclusion.
2 CURRENT SITUATION OF RURAL NEW ENERGY DEVELOPMENT AND UTILIZATION
2.1 Rural new energy supply and consumption structure
Rural energy refers to the energy in rural areas. It includes energy development and utilization as well as supply consumption, namely, through the use of energy to ensure the livelihood of the rural population and the development of local industries and agriculture. In China, rural energy mainly includes non-renewable energy such as coal, crude oil, natural gas, oil shale, and nuclear energy (Wan et al., 2023) as well as new energy such as solar energy, wind energy, biogas energy, and biomass energy (Wu, 2020). With the construction of the new socialist countryside and the improvement of rural living standard, the demand for energy in rural areas is also increasing sharply, which also intensifies the contradiction between supply and demand of rural energy.
As shown in Figure 1, the development and utilization of rural new energy in China includes two aspects (Naumann and Rudolph, 2020): one is the supply of new energy and the other is the consumption of new energy. The supply of new energy includes solar energy, wind energy, biomass energy, water energy, and geothermal energy. Biomass energy can be divided into traditional biomass energy and new biomass energy. Traditional biomass energy is generated by firewood and straw burning. New biomass energy is obtained by burning ethanol, biodiesel, molding fuel, etc. (Wang et al., 2023a). The consumption of new energy includes domestic energy, which includes cooking, heating, and lighting, and production energy, which includes planting, breeding, and primary processing of agricultural products. From the energy supply side, China’s energy structure is found to be dominated by fossil fuels, of which coal accounts for 57 percent, according to the 2021 National Statistical Yearbook. Although the proportion of non-fossil energy has increased rapidly in recent years, it is still less than 20%. From the energy consumption end, the consumption of rural energy continues to increase (Wang and Jiang, 2017).
[image: Flowchart illustrating the rural energy supply and demand structure. Split into two main branches: Rural Energy Supply includes solar, wind, hydropower, geothermal, and biomass energy. Biomass divides into conventional biomass (crop wood, straw burning) and new biomass (biogas fuel, bio-diesel, briquetting, gasification). Rural Energy Consumption includes household energy consumption (cooking, heating, lighting) and production energy (planting, animal husbandry, processing agricultural products).]FIGURE 1 | Supply and consumption structure of rural energy.On the whole, according to the official data of the National Bureau of Statistics of China, China Agricultural Statistics, and National Energy Administration, China’s rural energy supply is increasing. As shown in Table 1, from 48.2 million tons of standard coal in 2011 to 150 million tons of standard coal in 2020, the average annual growth rate is approximately 15%. From 2015 to 2016, the energy output had the fastest growth of 18%. From 2012 to 2015, rural energy output grew at a slower rate, of 8%. At present, the energy output in rural areas is mainly concentrated in the installed power generation of wind energy, photovoltaic energy, and hydro energy, followed by biogas production from biomass through a biogas digester. The production scale of straw molding fuel is generally very small. The sum of the three items of biomass energy production accounts for 31.27 million tons of standard coal. According to the calculation of biomass energy, the amount of biomass resources in rural areas is approximately 570 million tons of standard coal, which only accounts for 6.4% of the theoretical exploitable amount, indicating that the utilization of biomass energy is very inadequate. In the future, the development processes of biomass energy should be increased to provide more room for growth in China’s energy development.
TABLE 1 | Output of the rural energy industry from 2011 to 2020 (10,000 tons of standard coal).	Year	Wind power generation	Hydropower generation	Photovoltaic power	Biomass energy	Total
	Centralized photovoltaic	Distributed generation solar project	Biomass power generation	Marsh gas	Straw solid fuel
	2011	864	2,154	7	0	418	1,194	183	4,820
	2012	1,180	2,664	14	30	549	1,267	204	5,907
	2013	1,735	2,739	51	52	606	1,277	255	6,715
	2014	1,918	2,786	235	72	630	1,268	312	7,222
	2015	2,283	2,884	392	89	648	1,278	255	7,829
	2016	2,914	3,293	669	144	799	1,227	260	9,306
	2017	3,653	3,040	1,060	393	977	1,071	302	10,495
	2018	4,496	2,879	1,488	694	1,115	1,001	278	11,950
	2019	4,981	3,109	1,851	900	1,365	917	336	13,460
	2020	5,733	2,979	2,177	1,024	1,630	1,180	317	15,040


Data sources: National Bureau of Statistics, Agricultural Statistics of China, and National Energy Administration.
With the improvement of rural people's living standards, according to the China Energy Statistical Yearbook, as shown in Table 2, the total consumption of domestic energy in rural areas increased from 7,165.36 tons of standard coal in 2000 to 23,346.408 tons of standard coal in 2019, with a growth rate of 69.31%. The per capita living energy in rural areas has increased from 325 kg of standard coal to 434 kg of standard coal, and it is expected to reach 518 kg of standard coal by 2030. The consumption of energy in rural areas will continue to increase (Chen F. et al., 2022).
TABLE 2 | Total consumption of commodity energy and domestic energy in rural areas from 2000 to 2019 (tec).	Year	Coal	Petroleum	Natural gas	Liquefied petroleum gas	Electricity	Total	Total domestic energy consumption in rural areas
	2000	4,077.68	384.92	-	153.72	645.2	5,261.52	7,165.36
	2001	3,960.16	401.85	-	151.49	753.46	5,266.96	7,399.359
	2002	4,298.3	402.17	-	192.06	826.48	5,719.91	8,058.823
	2003	4,865.08	494.98	-	246.07	959.44	6,565.57	9,145.269
	2004	5,468.92	732.18	3.99	383.61	1,132.1	7,720.8	10,598.7
	2005	5,709.96	836.95	3.99	450.35	1,340.08	8,341.33	11,554.32
	2006	5,510.93	973.53	4.79	511.76	1,629.64	8,630.65	12,364.04
	2007	5,208.42	1,165.64	6.03	595.55	2,053.47	9,029.11	13,298.256
	2008	5,082.37	1,199.48	8.02	598.07	2,259.91	9,147.85	13,657.406
	2009	4,967.01	1,299.79	8.03	604.05	2,507.36	9,386.24	14,201.228
	2010	5,618.7	1,472.62	8.99	616.13	2,625.84	10,342.28	15,234.651
	2011	6,061.48	1,732.14	9.89	653.1	2,971.8	11,428.41	16,702.173
	2012	6,307.84	1,899.2	10.15	677.39	3,268.67	12,163.25	17,849.16
	2013	6,048.09	2,255.69	12.18	760.37	3,845.97	12,922.3	19,351.664
	2014	5,892.55	2,501.59	16.44	874.43	3,985.6	13,270.61	19,795.1
	2015	6,246.56	2,871.66	18.58	1,030.79	4,253.9	14,421.49	21,012.544
	2016	6,096.2	3,238.03	21.72	1,253.62	4,733.28	15,342.85	22,464.736
	2017	6,066.41	3,444.13	35.17	1,377.07	5,050.89	15,973.67	23,213.556
	2018	5,041.33	3,556.98	54.97	1,351.73	5,563.55	15,568.56	23,482.872
	2019	5,745.61	2,353.63	4.92	739.22	5,851.44	14,694.82	23,346.408


Data source: China Energy Statistical Yearbook.
Coal, oil, and electricity are the main components of China’s rural commodity energy. In the commodity energy mix, coal has been the main energy source for rural household consumption, with its consumption increasing from 40.78 million tons of standard coal in 2000 to 57.46 million tons of standard coal in 2019. Although coal consumption has been increasing, its share of total rural energy consumption has been declining. Both the total and the proportion of oil consumption have been increasing steadily, with its share in the total energy consumption increasing from 7.32% in 2000 to 17.25% in 2019 and reaching a peak of 22.85% in 2018. This is closely related to rural modernization. The popularization of automobiles has greatly increased the consumption of petroleum products in rural areas. Electricity consumption is an important index reflecting rural economic development and energy structure (Liu and Li, 2023). With the promotion of rural electrification, the total and the proportion of electricity consumption are increasing year by year. Electricity consumption peaked at 55.64 Mtce in 2018 and accounted for more than 35% of the total energy consumption for the first time, reaching 35.74%. In 2019, the proportion was 35.18%. The proportion of liquefied petroleum gas and natural gas in the rural energy consumption pattern is relatively small. On the whole, the total commodity energy consumption in rural China continues to expand, and the per capita energy consumption continues to increase (Ding et al., 2021). The total energy consumption of household commodities in rural areas increased by 5.14% annually, and the per capita energy consumption increased by 7.55% annually. According to the China Energy Statistical Yearbook, as can be seen in Figure 2, the total rural energy consumption experienced two periods of rapid growth, from 2000 to 2005 and from 2009 to 2018. Total energy consumption increased more slowly between 2005 and 2009. After peaking in 2018, the total consumption began to decline.
[image: Line graph showing an upward trend from 2000 to 2019. The vertical axis represents numerical values increasing from 4,000 to 24,000, while the horizontal axis marks years. The data shows steady growth over the period.]FIGURE 2 | Total domestic energy consumption from 2000 to 2019 in rural China (tec).As shown in Figure 3, according to the “China Energy Statistical Yearbook” and “China Agricultural Statistics,” rural production energy consumption is mainly dominated by coal, diesel, and electricity, with coal accounting for the largest proportion, followed by diesel and electricity. Coal and gasoline have been the main sources of rural production and consumption (Li W. et al., 2023). Rural coal consumption shows an overall growth trend, as shown in Table 3. By 2019, rural coal production and consumption had reached 28 million tons of standard coal. The proportion of coal products in total rural production and consumption has been declining, from 47% in 2009 to 32% in 2019, a decrease of 15 percentage points. Diesel and coal have the same trend of change. The total amount of diesel has been increasing, but the proportion of energy consumption in rural production shows a slow decline. The consumption of diesel had increased from 17.28 million tons of standard coal in 2009 to 21.81 million tons of standard coal in 2019. From 2009 to 2014, although electricity consumption showed an increasing trend, its proportion in rural production energy consumption showed a decreasing trend. After 2014, with the promotion of rural electrification construction, the total amount and proportion of electricity consumption increased year by year. As shown in Figure 3, in 2019, the electricity consumption reached 26 million tons of standard coal and accounted for 29% of total energy consumption. In the future, cleanliness and intelligence will be a direction of rural reform (Choudhury et al., 2019), and the proportion of electricity in rural production and consumption needs to be further increased.
[image: Pie chart displaying energy sources by percentage. Coal at 38%, petroleum products at 30%, coke at 5%, natural gas at 2%, electricity at 4%, and straw solid combustion at 21%.]FIGURE 3 | Proportion of major components of rural energy use in 2019. Data source: Ministry of Agriculture and Rural Affairs of China.TABLE 3 | Energy consumption of commodities produced in rural areas from 2009 to 2019 (10,000 tons of standard coal).	Year	Coal	Petroleum products	Coke	Natural gas	Electricity	Straw solid combustion	Total
	Gas	Kerosene	Diesel	Fuel oil
	2009	3,484	296	1.4	1,728	19.61	60	9	1,634	40	7,271
	2010	3,624	306	2.1	1,841	15.61	60	18	1,722	96	7,685
	2011	3,668	322	2.6	1,925	11.02	66	22	1,824	183	8,024
	2012	3,619	329	1.9	2,020	9.5	67	30	1,891	204	8,172
	2013	4,042	341	2	2,175	8.79	77	38	1,968	255	8,907
	2014	3,825	363	1.4	2,246	5.77	44	50	1,998	312	8,845
	2015	3,731	382	2.4	2,245	3.88	185	88	2,066	255	8,959
	2016	3,819	365	3.8	2,241	4.5	191	146	2,168	260	9,197
	2017	3,681	364	2.5	2,307	5.07	171	241	2,325	302	9,335
	2018	3,023	372	7.6	2,176	3.67	233	297	2,466	278	8,858
	2019	2,800	383	16.2	2,181	3.86	180	436	2,622	336	8,958


Data sources: China Energy Statistical Yearbook and China Agricultural Statistical Data.
In rural energy consumption, in addition to coal, gasoline, diesel, electricity, etc., there are also coke, natural gas, kerosene, and fuel oil, which account for a very small proportion. In addition, although the current output of straw solid fuel is less than that of other commodity energy sources, only 3.36 million tons of standard coal in 2019, in recent years, the consumption scale of straw solid fuel has been increasing, and its proportion in rural energy production has been increasing. In the future, with the demand for rural clean reform and the utilization of clean biomass energy, the proportion of straw solid fuel consumption in rural production and consumption will be further increased. On the whole, the consumption of commodity energy in China’s rural areas showed an increasing trend and reached a peak in 2017, when the energy production of commodity energy in rural areas reached 93.35 million tons of standard coal. In 2018, there was a decline for the first time compared to the past years. In 2019, rural commodity energy consumption increased slightly, and rural commodity energy consumption amounted to 89.58 million tons of standard coal.
According to the 2022 China Rural Energy Development Report, different regions in China are classified based on their potential for rural energy development. Shandong, Henan, and Anhui are among the top three provinces in the country in terms of potential for rural energy and resource development, among which Shandong with its rural main resources and energy development potential ranks first in the country, reaching 87.43 million tons of standard coal. Heilongjiang, Sichuan, Yunnan, Guangxi, and Hunan provinces also have high resource exploitation potential. At present, for Tibet and Qinghai, the development potential of rural main energy is relatively weak. In the future, if the development and utilization of major rural resources can be made according to local conditions, the balanced utilization of resources will be promoted in all provinces, and the development of provinces will be more environmentally friendly and coordinated, thus playing an important role in realizing the dual-carbon goal (Zhang et al., 2022).
2.2 Current situation of the rural new energy industry
Promoting rural economy and social development is an important measure to vigorously develop rural new energy. To build a new power system with new energy as the main body, the development of photovoltaic power generation, wind power, and other projects needs space resources most, and rural areas have particular advantages in this field (Shen et al., 2022). Figure 4 shows the current development and utilization model of the Chinese rural new energy industry. According to reliable research, greenhouse gas emissions from China’s agricultural and rural sectors will total 1.7 billion tons of carbon dioxide equivalent in 2022, accounting for approximately 15% of the country’s total emissions. Agricultural waste resources in China are approximately 400 million tons, converted into approximately 200 million tons of standard coals. The amount of forestry waste resources is approximately 350 million tons, which is converted into approximately 200 million tons of standard coal. The accumulated grid-connected installed capacity of agricultural and forestry biomass power generation is 13.3 million kW, and the biomass heating uses approximately 20 million tons of solid formed fuel annually, which is mainly used for urban heating and industrial and commercial heating. A total of 16 commercial bio-natural gas projects have been put into operation nationwide, with an annual output of 149.5 million cubic meters of gas and 4 million tons of liquid bio-fuel, comprising 3 million tons of ethanol and 1 million tons of biodiesel.
[image: Diagram illustrating an energy distribution system. Various sources like wind, photovoltaic, hydroelectric, biomass, natural gas, and geothermal energy lead to distributed generation. Outputs include rural power networks, rural customers, and solar water heaters. Biogas digesters, CCHP, and heat pumps are also part of the system.]FIGURE 4 | Development and utilization mode of rural new energy.Biomass resources such as straw are abundant (Cui et al., 2021), mainly including agricultural waste, forestry waste, and livestock and poultry manure. The total amount of energy utilizable resources is equivalent to approximately 460 million tons of standard coal every year. The development of new energy in rural areas and the conversion of biomass such as crop straw and livestock manure to produce biological gas, molding fuel, and electricity can offset the emissions of fossil energy used in production and living and improve the ability of agricultural production to adapt to climate change and help carbon peak and carbon neutrality (Sun et al., 2021).
2.2.1 Industry scale
	1) Rural solar energy

China is territorially broad and has abundant solar energy resources. It is estimated that the annual solar radiation received by the Chinese land surface is approximately 50 × 1018 kJ. The total solar radiation amounts to 335–837 kJ/cm2·a, and the median is 586 kJ/cm2·a. As shown in Figure 5, according to the National Bureau of Statistics, China’s solar energy capacity increased from 2016 to 2020. In 2020, China’s solar energy capacity reached 142.1 billion KWH, an increase of 24.88 billion KWH compared with 2019.
[image: Bar and line graph showing solar power generation in terawatt-hours and growth rate in percentages from 2015 to 2020. Power generation rises from 301.6 to 821.8 TWh, while growth rate decreases from 48.5% to 13.5%.]FIGURE 5 | China’s solar energy capacity, 2016–2020. Data source: National Bureau of Statistics of China.By the end of 2020, China had 228,134 solar houses covering 18.223 million square meters; 46,733,400 solar water heater units, 84,207,500 square meters; and 1,706,244 solar stoves. Table 4 shows the development and utilization of solar energy in China from 2013 to 2020.
TABLE 4 | Development and utilization of solar energy nationwide from 2013 to 2020.	Year	Solar house	Solar cooker	Solar water heater
	Quantity (place)	Area (10,000 square meters)	Quantity (units)	Quantity (10,000 units)	Area (10,000 square meters)
	2013	269,304	2,445.55	2,264,356	4,099.65	7,294.57
	2014	286,744	2,527.59	2,299,635	4,345.71	7,782.85
	2015	290,448	2,549.37	2,327,106	4,571.24	8,232.98
	2016	292,676	2,564.60	2,279,387	4,770.84	8,623.69
	2017	291,144	2,540.98	2,222,666	4,792.64	8,723.50
	2018	291,848	2,529.76	2,135,756	4,835.56	8,805.43
	2019	256,933	2,529.76	2,135,756	4,835.56	8,805.43
	2020	228,134	1,882.30	1,706,244	4,676.34	8,420.75


Data source: Agricultural Resources, Environmental Protection, and Rural Energy Development Report.
As a human life resource, solar energy plays an increasingly important role in the development of rural areas (Liu et al., 2023). Figure 6 shows the top 10 provinces with grid-connected PV capacity in 2020. As can be seen in the figure, Shandong, Jiangsu, Qinghai, Zhejiang, and other regions have a higher grid-connected capacity, followed by Anhui, Hebei, Shanxi, Xinjiang, Ningxia, and Henan.
[image: Bar chart comparing coal production across ten regions in 2019 and 2020. Shandong and Jiangsu have the highest production in 2020, slightly more than in 2019, while Henan has the lowest in both years. Each bar represents a region with blue for 2019 and orange for 2020.]FIGURE 6 | China’s top 10 provinces in terms of grid-connected PV capacity in 2020 (unit: 10 MW). Data source: National Bureau of Statistics of China.At present, with the rise of photovoltaic agriculture in China and photovoltaic agriculture as an innovative agricultural development model (Zhao et al., 2023), the organic combination of agriculture and new energy in rural areas provides double benefits. It not only promotes the development of new energy and reduces the dependence on traditional energy but also promotes the improvement of agricultural production efficiency and the development of rural economy (Wang et al., 2023b). However, in the process of promoting and applying photovoltaic agriculture, factors such as land use, environmental protection, and socio-economic feasibility need to be considered, and corresponding policies and measures need to be taken to achieve sustainable development of photovoltaic agriculture (Hu et al., 2023).
	2) Rural wind energy

Wind energy resources are rich and widely distributed in China. With the breakthrough of low wind speed technology, most areas of China, especially the low wind speed resource areas in the middle and southeast of China, have been equipped with the development conditions (Wang, 2023), and the potential resources available for development are more than 1 billion kW. A large number of scattered unused land resources in rural areas also provide the resource base for wind power development and utilization. Figure 7. In 2022, 11,098 newly installed machines with a capacity of 49.83 million kW were installed in China (excluding Hong Kong, Macao, and Taiwan). The installed capacity of onshore wind power increased by 44.672 million kW, and that of offshore wind power increased by 5.157 million kW. By the end of 2022, China had installed more than 180,000 units, with a capacity of over 39 million kW, of which 36 million kW had been installed on land and 30.51 million kW had been installed on sea.
[image: Bar and line graph showing accumulated installed capacity and newly installed capacity from 2018 to 2022. Accumulated capacity, represented by orange bars, increases each year. Newly installed capacity, shown by a blue line, rises from 2018 to 2020, peaking in 2020, then slightly decreases by 2021 and rises again in 2022.]FIGURE 7 | China’s accumulated installed capacity and new capacity of wind power generation from 2018 to 2022 (10 MW). Data source: China Wind Power Market Current Situation In-depth Research and Future Prospects Analysis Report (2023–2030).As shown in Figure 8, in 2021, wind power was mainly installed in North China, Northwest China, and East China, and the installed wind power capacity in North China accounted for 26.9%. Northwest China followed with 22.8 percent. East China installed 64.4 million kW of wind power, accounting for 19.6 percent. Central China, Northeast China, Southwest China, and South China had less installed wind power, accounting for 10.3%, 7.9%, 6.6%, and 6.0%, respectively.
[image: Pie chart depicting regional distribution with eight segments: Eastern China 25%, North China 22%, South China 6%, Northeast China 8%, Central China 13%, Northwest China 3%, Southwest China 11%, and Northernwest China 12%.]FIGURE 8 | 2021 China wind power industry regional market share. Data source: China Wind Power Market Current Situation In-depth Research and Future Prospects Analysis Report (2023–2030).In the current development scenario of rural wind power in China, although the income of rural decentralized wind power at this stage is not as concentrated as the project, if we increase the investment in technology optimization, model innovation, and other aspects, the future rural decentralized wind power will have very good development prospects. On the one hand, decentralized projects have the natural advantage of being close to the power load side, especially with the continuous improvement of rural electrification. From the perspective of overall energy production and utilization efficiency, the rural decentralized wind power market has broad prospects. The self-balance of energy in a certain region is also the trend and direction of future power grid development. On the other hand, combined with the current situation of the development of new energy in China’s rural areas, especially in the central and eastern regions, the large-scale development of centralized contiguity is facing increasing challenges in terms of land, forest, grass, and environmental protection. At these levels, decentralized projects are more flexible.
	3) Rural biogas energy

Rural biogas digestion is mainly carried out through the use of poultry manure through natural fermentation, thus producing large amounts of biogas, biogas slurry, and other energy. A 6-cubic small biogas digester can alone maintain the energy consumption for a year for a family of five people. Biogas technology is one of the biomass energy technologies (Chen et al., 2023). At present, our household biogas technology is basically mature, and increasingly perfect, with its popularity rate rapidly. As shown in Figure 9, in 2022, the accumulated installed capacity of biogas power generation in China reached 1.22 million kW, with an annual output of 3.95 billion KWH, an on-grid electricity of 3.32 billion KWH, and an annual utilization hour of 3,233 h.
[image: Bar chart showing solar energy capacity from 2015 to 2023. Blue bars represent installed capacity, rising from about 30 in 2015 to over 120 in 2023. Orange bars represent newly installed capacity, peaking in 2019 and slightly declining thereafter.]FIGURE 9 | Installed capacity and new capacity of biogas power generation from 2015 to 2023 (10 MW). Data source: China Biomass Energy Industry Development Yearbook (2023).By the end of 2020, China had 30.7771 million methane users, 11% less than that in the previous year. There were 93,480 biogas projects of all kinds, 8.9% less than that from the previous year. The biogas project has a total pool capacity of 21,793,500 cubic meters, a gas supply of 1,701,000 households, and an installed power generating capacity of 350,000 KWH. The quantity of household biogas and biogas projects showed a decreasing trend year by year. The details are shown in Table 5. The operation of biogas projects has effectively controlled pollution, improved the rural environment, and improved the quality of life of farmers, which is an inevitable trend of constructing ecological homes and realizing a virtuous cycle of agricultural economy.
TABLE 5 | Development of biogas in rural areas of China from 2013 to 2020 (accumulated at the end of the year).	Year	Household biogas (ten thousand households)	Biogas project
	Total	Mini-type	Medium	Large (including extra-large)
	2013	4,150.37	99,957	83,512	10,285	6,160
	2014	4,183.12	103,036	86,236	10,087	6,713
	2015	4,193.30	110,975	93,355	10,543	7,077
	2016	4,161.14	113,440	95,185	10,734	7,523
	2017	4,057.71	109,974	91,585	10,514	7,875
	2018	3,907.67	108,059	89,761	10,332	7,966
	2019	3,380.27	102,650	94,913	94,913	7,737
	2020	3,007.71	93,481	86,086	86,086	7,395


Data source: Agricultural Resources, Environmental Protection, and Rural Energy Development Report.
	4) Rural biomass energy

With the rapid growth of biomass power generation, the proportion of biomass power generation in our country’s new energy has been steadily increasing year by year. China’s rural areas are carrying out a revolution from traditional energy to biomass energy and other new energy transformations, which, once successful, can not only improve the rural ecological environment but also promote the construction of a beautiful livable countryside. In addition, it can make full use of rural idle resources, solve the problem of energy shortage in China’s rural areas, and promote the development of green agriculture. China’s installed capacity of biomass power generation has been the highest worldwide for 3 consecutive years. In recent years, China’s biomass energy generation has maintained a steady growth, with a year-on-year growth of 19.35%. The details are shown in Figure 10. By the end of 2022, the cumulative installed capacity of agricultural and forestry biomass power generation was 16.23 million kW, with an annual generating capacity of 51.6 billion KWH and an on-grid power capacity of 44.2 billion KWH, with an annual utilization of only 3,199 h. Since 2018, the utilization hours of agricultural and forestry biomass power generation projects have been declining year by year. The main reason is that subsidies from the National Renewable Energy Development Fund cannot be issued in a timely manner, and the funding chain of some agricultural and forestry biomass power generation projects has been broken.
[image: Bar graph showing wind power capacity in Germany from 2016 to 2022. The blue bars represent installed capacity, increasing from 5000 in 2016 to 7000 in 2022. Orange bars show newly installed capacity, peaking at 1400 in 2017 and declining to 300 by 2022.]FIGURE 10 | Installed capacity and newly added capacity of agricultural and forestry biomass power generation in 2016–2022 (10 MW). Data source: China Biomass Energy Industry Development Yearbook (2023).As shown in Table 6, by the end of 2020, there were 183 straw pyrolysis gasification projects in China, with 14,000 households supplying gas. There were 2,664 straw curing molding fuel production plants, with an annual output of 12.797 million tons, and 102 straw carbonization projects, with an annual output of 462,000 tons. In 2020, there were 238 straw baling central heating projects, providing heating space for 106,000 households and 8.15 million square meters. In 2020, the country carried out the whole village pilot application of biomass clean stoves in Heilongjiang and other places.
TABLE 6 | National biomass energy development from 2013 to 2020 (accumulated at the end of the year).	Year	Centralized gas supply by straw pyrolysis and gasification	Centralized gas supply of straw biogas	Straw curing molding fuel generation plant	Straw carbonization engineering	Straw baling central heating project
	2013	906	434	1,060	105	-
	2014	821	458	1,147	103	-
	2015	795	458	1,190	106	-
	2016	766	454	1,362	106	-
	2017	674	431	1,616	105	-
	2018	559	386	2,331	82	-
	2019	376	-	2,360	91	178
	2020	183	-	2,664	102	238


Data source: Agricultural Resources, Environmental Protection, and Rural Energy Development Report.
2.2.2 Industrial policy
Since entering the new era, the development of China’s rural energy policy has experienced three stages. The first was the shortage period (1979–1995), when rural areas lacked basic commodity energy services and mainly relied on non-commodity energy sources such as fueling wood and straw (Shi et al., 2023), which led to serious energy poverty (Wu and Han, 2022). The second is the period of security demand (1996–2006), during which China’s rural energy policy focused on serving national energy security and promoting the diversification of energy supply. Last but not least was the phase of coping with climate change (2007–present). In 2007, the Chinese government had issued China’s National Program on Climate Change, which assigns new tasks to rural energy to improve and mitigate the impact of climate change. In addition, in 2020, the country announced the goal to actively yet prudently promote carbon peak carbon neutrality. An energy revolution in rural areas can help achieve the goal of reaching peak carbon neutrality. From 2019 to 2023, the state has repeatedly promulgated a series of policies in the field of rural new energy (Guo and Li, 2023) (see Table 7).
TABLE 7 | China’s major new energy policy from 2019 to 2023.	Number	Date	Publishing department	Document	Content
	1	2019.4.28	National Energy Administration	Notice on improving the on-grid pricing mechanism for photovoltaic power generation	The benchmark feed-in price of centralized photovoltaic power stations will be changed to the guiding price under market bidding, and the guiding price for class I to III resources will be 0.40 yuan, 0.45 yuan, and 0.55 yuan per kilowatt-hour, respectively. It is stipulated that the feed-in price of new centralized photovoltaic power stations shall be determined in principle through market competition and shall not exceed the guiding price of the resource zone
	2	2019.5.10	National Development and Reform Commission National Energy Administration	Notice on establishing and improving the guarantee mechanism for the consumption of renewable energy electricity	The competent energy department of The State Council shall monitor and evaluate the completion of the consumption responsibility weight of renewable energy in each provincial administrative region and link the consumption of renewable energy with the dual control assessment of the total amount and intensity of national energy consumption
	3	2019.5.30	National Energy Administration	Work plan for photovoltaic power generation project construction in 2019	It calls for the market to play a decisive role in resource allocation. Except for photovoltaic poverty alleviation and household photovoltaics, the remaining photovoltaic power generation projects requiring state subsidies shall, in principle, adopt competitive allocation methods such as bidding
	4	2019.12.04	National Development and Reform Commission	Guidelines on promoting the industrialization of bio-natural gas	The nation should adhere to the new development concept, with the goal of realizing the sustainable development of industrialization and commercialization of biogas and forming a green, low-carbon, clean, and renewable gas emerging industry, incorporate biogas into the national energy system, strengthen overall planning and coordination, give full play to the role of the market, establish a distributed production and consumption system, innovate the system and mechanism, and improve policies and measures. It calls for accelerating the professional, market-oriented, and large-scale development of bio-natural gas, increasing the supply of natural gas, protecting the urban and rural ecological environment, and promoting the construction of ecological civilization
	National Energy Administration
	Ministry of Finance
	Department of Natural Resources
	Ministry of Ecology and Environment
	Ministry of Housing and Urban–Rural Development
	Ministry of Agriculture and Rural Affairs
	Department of Emergency Management
	People’s Bank
	State Administration of Taxation
	5	2020.3.5	National Energy Administration	Notice of the National Energy Administration on matters related to the construction of wind power and photovoltaic power generation projects in 2020	The notice clarifies relevant requirements for all parties concerned in project construction management
	6	2020.9.16	National Development and Reform Commission	Implementation plan for improving the construction and operation of biomass power generation projects	Adhering to the principle of set compensation by revenue, division between new and old, orderly construction and steady development, further improvement in the construction and operation management of biomass power generation, rational arrangement of new biomass power generation subsidy funds from the central government in 2020, full implementation of various supporting policies, promotion of industrial technological progress, improvement in project operation and management, and gradual formation of an effective market-based operation mechanism for biomass power generation will promote the sustained and healthy development of the biomass power generation industry
	International Finance Department
	International Energy Bureau
	7	2020.9.30	National Energy Administration	Notice on the announcement of photovoltaic bidding to parity projects	According to the document, two kinds of bidding projects will be directly converted into parity internet access projects: one is the scale of photovoltaic power generation projects that have been selected by national subsidy bidding in 2019 but have not been connected to the grid after the deadline of 3.89 GW, with 21 projects; the other category is the 2020 photovoltaic power generation subsidy project which was declared by bidding but not selected, with a scale of 4.1089 GW and 1,017 projects
		2020.12.16	CPC Central Committee	Opinions on effectively connecting the achievements of consolidating and expanding poverty alleviation with rural revitalization	It has identified the key tasks of consolidating and expanding the achievements in poverty alleviation to help rural revitalization, including five categories: modernization of rural power grids, efficient and clean energy in rural areas, upgrading rural electrification, integrating urban and rural services, and comprehensively consolidating and expanding the achievements in poverty alleviation. It covers 17 key tasks, including implementing the project to consolidate and upgrade rural power grids; realizing coordinated development of rural power grids in the eastern, central, and western regions; promoting the transformation and development of smart power grids; realizing the electrification of farmers' lives; reducing the cost of electricity in rural areas; strengthening the construction of rural power supply centers; and consolidating the effectiveness of fixed-point assistance work
	The State Council
	9	2021.1.27	National Energy Administration	Notice on heating with renewable energy based on local conditions	First, it is necessary to scientifically plan related works and rationally distribute renewable energy heating projects. Second, promote all kinds of renewable energy heating technology according to local conditions and give full play to the positive role of all kinds of renewable energy in heating. Third, continue to promote pilot demonstration work and construction of major projects and explore advanced project operation and management experience. Fourth, further improve the government management system and strengthen research and development support for key technologies and equipment.
	10	2021.2.21	CPC Central Committee	Opinions of the CPC Central Committee and The State Council on comprehensively promoting rural revitalization and accelerating agricultural and rural modernization	Carrying out a project to build clean energy in rural areas. Step up efforts to build rural power grids, comprehensively consolidate and improve rural electricity supply, promote the supply of gas to rural areas, and support the construction of safe and reliable rural gas storage stations and micro-pipe network gas supply systems for developing biomass energy in rural areas
	The State Council
	11	2021.2.24	National Development and Reform Commission	On guiding to increase financial support to promote wind power and a notice on the healthy and orderly development of photovoltaic power generation and other industries	Financial institutions negotiate with renewable energy enterprises to extend or renew loans in accordance with commercial principles. For renewable energy enterprises with great short-term repayment pressure but promising future development prospects, financial institutions may, in accordance with the principle of controllable risk, on the basis of independent consultation between banks and enterprises, and according to the actual and expected cash flow of the project, extend the loan, renew the loan or adjust the repayment schedule and other arrangements. The circular also clarified the responsibilities of the six financial institutions. Financial institutions should help enterprises effectively defuse production, operation, and financial security risks and promote the healthy and orderly development of the renewable energy industry.
	Ministry of Finance
	People’s Bank of China
	China Banking and Insurance Regulatory Commission
	National Energy Administration
	12	2021.3.12	National Development and Reform Commission	Outline of the 14th Five-Year Plan for the National, Economic, and Social Development of the People’s Republic of China and the long-range goals for 2035	It calls to accelerate the intelligent upgrading of power grid infrastructure and the construction of smart microgrids, improve the complementarity and intelligent regulation capacity of the power system, strengthen the connection between the charge and storage of the source network, increase the consumption and storage capacity of clean energy, increase the capacity of transmission and distribution to remote areas, promote the flexible upgrading of coal power, and accelerate the construction of pumped storage power stations and large-scale application of new energy storage technologies.
	13	2021.3.23	National Energy Administration	Work plan for comprehensive supervision of clean energy consumption	Optimize the grid-connected access and operation of clean energy, standardize the participation of clean energy in market trading, promptly identify prominent problems in the development of clean energy, ensure the efficient use of clean energy, further promote the high-quality development of the clean energy industry, and help achieve carbon peak and carbon neutrality.
	14	2021.4.19	National Energy Administration	Notice on the development and construction of wind power and photovoltaic power generation in 2021	It calls to achieve the goals of carbon peaking and carbon neutrality, raise the share of non-fossil energy in primary energy consumption to around 25% by 2030 and raise the total installed capacity of wind and solar power to over 1.2 billion kW by 2030. It calls to stick to the goal orientation, improve the development mechanism, free up room for consumption, improve the development environment, give play to the leading role of local governments, and arouse the enthusiasm of investors. These steps will promote high-quality development of wind power and photovoltaic power generation
	15	2021.6.28	National Comprehensive Energy Department	Notice on submitting the pilot program of roof-distributed photovoltaic development in the whole county (city or district)	The circular put forward the principle of building as much as possible, clarifying that no less than 50% of the total roof area of party and government buildings can be installed with photovoltaic power generation. Schools, hospitals, village committees, and other public buildings shall not be less than 40%; the roofs of industrial and commercial plants shall not be less than 30%; and rural residents’ roofs shall not be less than 20%.
	16	2021.7.1	National Development and Reform Commission	The 14th Five-Year Plan for the Development of Circular Economy	It promoted the application of integrated systems of cogeneration, distributed energy, and photovoltaic energy storage; improved the recycling and traceability management system of power batteries for new-energy vehicles; and promoted the cascade utilization of energy resources to strengthen the promotion and application of advanced technology and equipment for recycling and step utilization of waste power batteries.
	17	2021.7.5	National Development and Reform Commission	Notice on matters related to the investment and construction of new energy supporting delivery project	The circular said that the development of non-fossil energy such as wind power and photovoltaic power needs to be further accelerated in order to achieve the goal of carbon peaking and carbon neutrality. The asynchronous construction of new energy units and supporting delivery projects will affect the consumption of new energy connected to the grid
	18	2021.7.15	National Development and Reform Commission	Guidelines on accelerating the development of new energy storage	The development target of 30 GW in 2025 will be defined. In the next 5 years, new energy storage will be transformed from the initial commercialization to large-scale development. By 2030, new energy storage will be fully marketized, diversified development of energy storage will be encouraged, energy storage price recovery mechanisms will be further improved, and shared energy storage development will be supported.
	National Energy Administration
	19	2021.8.11	National Development and Reform Commission	Work plan for 2021 biomass power generation project construction	It proposed to further improve the development and construction management of biomass power generation and rationally arrange the central government’s additional biomass power generation subsidy funds in 2021 in accordance with the idea of compensation based on revenue, sharing by the central government, classified management and stable development.
	Ministry of Finance
	National Energy Administration
	20	2021.10.24	The State Council	Opinions on fully, accurately, and comprehensively implementing the new development concept to achieve carbon peak and carbon neutrality	Firstly, speed up the building of a clean, low-carbon, safe and efficient energy system. Secondly, speed up the building of a low-carbon transport system. Thirdly, improve the quality of green and low-carbon development in urban and rural areas. Fourthly, we will increase the level of green and low-carbon development in opening up to the outside world. Fifthly, we will improve laws, regulations, standards and statistical monitoring systems. Sixth, we will improve policy mechanisms.
	21	2021.10.26	The State Council	Action plan to peak carbon by 2030	In order to implement the major strategic decisions of the CPC Central Committee and The State Council on carbon peaking and carbon neutrality, and in accordance with the working requirements of the opinions of the CPC Central Committee and The State Council on fully, accurately, and comprehensively implementing the new development concepts for carbon peaking and carbon neutrality, the focus is centered on the target of carbon peaking before 2030 and making overall arrangements for promoting carbon peaking.
	22	2021.12.29	National Energy Administration	Implementation opinions on accelerating rural energy transformation and development to help rural revitalization	It calls to fully implement the new energy security strategy of four revolutions and one cooperation, take green and low-carbon energy development as an important foundation and driving force for rural revitalization, balance development with security, promote the building of a clean, low-carbon, and multi-energy integrated modern rural energy system, comprehensively improve the quality of rural energy use, and ensure that rural energy is available, affordable, and well-used. This will provide strong support for consolidating and expanding the achievements made in poverty alleviation and comprehensively promoting rural revitalization.
	Ministry of Agriculture and Rural Affairs
	National Rural Revitalization Administration
	23	2022.2.10	National Development and Reform Commission	Opinions on improving the system, mechanism, policies, and measures for green and low-carbon energy transition	It calls to improve policies on green energy use and clean heating in buildings. China will improve standards for the application of renewable energy in buildings, encourage the integrated application of photovoltaic energy in buildings, and support the use of solar energy, geothermal energy, and biomass energy to build energy supply systems for renewable energy buildings.
	National Energy Administration
	24	2022.2.26	National Development and Reform Commission	Planning and layout scheme of large-scale wind power photovoltaic base focusing on the Gobi Desert and other desert areas	It calls for coordinating the development plan of the photovoltaic power generation industry with the national space plan and encouraging the use of unused land and stock construction land for the development of the photovoltaic power generation industry. Under the premise of strict ecological protection, the construction of large-scale photovoltaic bases is encouraged in the Gobi Desert and other arid areas. For oil fields, gas fields, and coal mining subsidence areas that are difficult to reclaim or repair, the planning and construction of photovoltaic bases in non-arable areas are promoted
	National Energy Administration
	25	2022.3.22	National Development and Reform Commission	The 14th Five-Year Plan for Modern Energy Systems	It calls to comprehensively promote large-scale and high-quality development of wind and solar power generation, giving priority to local and nearby development and utilization. Centralized development of wind power and photovoltaic power generation should be promoted in an orderly manner, and construction of large-scale wind power photovoltaic base projects focusing on the Gobi Deserts and other desert areas should be accelerated
	National Energy Administration
	26	2022.4.2	National Energy Administration	The 14th Five-Year Plan for Scientific and Technological Innovation in the Energy Sector	In the field of solar thermal power generation and comprehensive utilization technology, China will focus on tackling key problems and conducting research on thermochemical conversion and thermochemical energy storage materials and exploring complementary technologies for solar thermal chemical conversion and other renewable energy sources. Research and development of thermochemical fuel conversion reaction technology driven by medium-temperature solar energy and development of megawatt solar thermochemical power generation devices is proposed.
	Ministry of Science and Technology
	27	2022.5.30	National Development and Reform Commission	Implementation plan for promoting high-quality development of new energy in the new era	It calls to accelerate the construction of large-scale wind power and photovoltaic bases in the Gobi Deserts and other desert areas, promote the integrated development of new energy development and rural revitalization, and promote the application of new energy in industry and construction.
	National Energy Administration
	28	2022.6.1	National Development and Reform Commission	The 14th Five-Year Plan for the Development of Renewable Energy	By 2025, the annual renewable energy generation will reach around 3.3 trillion KWH. During the 14th Five-Year Plan period, the increase in electricity generation from renewable energy sources accounted for more than 50 percent of the total increase in electricity consumption, and the electricity generation from wind and solar energy doubled. By 2025, China will have about 33 percent of the total amount of renewable energy electricity consumed and about 18 percent of the non-hydropower consumption of renewable energy electricity. The construction of onshore wind power and photovoltaic power generation bases should be coordinated, and the development of large-scale wind and solar power generation bases should be accelerated, focusing on the Gobi desert and other desert areas. The construction of offshore wind power bases in an orderly manner and the distributed development of wind power and photovoltaic power generation should be actively promoted.
	National Energy Administration
	Ministry of Finance
	Department of Natural Resources
	Ministry of Ecology and Environment
	Ministry of Housing and Urban–Rural Development
	Ministry of Agriculture and Rural Affairs
	China Meteorological Administration
	National Forestry and Grassland Administration
	29	2022.6.30	Ministry of Housing and Urban–Rural Development	Implementation plan for carbon peaking in urban and rural constructions	In areas rich in solar energy resources and buildings with a stable demand for hot water, the application of solar energy in solar thermal buildings should be promoted. The use of renewable energy such as solar conservatories in light of local conditions, the use of renewable energy, the application of renewable energy sources such as solar energy, geothermal energy, air thermal energy, and biomass energy in the supply of gas, heating, and power in rural areas should be promoted.
	National Development and Reform Commission
	30	2022.10.9	National Energy Administration	Action plan for energy carbon peaking, carbon neutrality, and standardization	Clean heating standards for biomass energy, solar energy, heat pumps, and clean stoves will be developed.
	31	2023.3.15	National Energy Administration	Notice on organizing the construction of pilot counties for rural energy revolution	All localities should attach great importance to the construction of pilot counties for rural energy revolution, intensify efforts in organization and coordination, and establish working mechanisms to ensure practical results as soon as possible.
	Ministry of Ecology and Environment
	Ministry of Agriculture and Rural Affairs
	National Rural Revitalization Administration


Data source: National Policy Document.
As can be seen from Table 7, from the situation of policy promulgation, the number of policies is on the rise. The issuing departments have changed from a single subject to multiple subjects, and the degree of joint decision-making has increased. The contents of the document are mostly related to rural revitalization strategy, economic and social development, and the dual-carbon target. According to the policy mechanism, there is still some imbalance in the new energy policy of rural areas (Wu, 2020), more inclined to direct financial allocation, increase technical support and scientific and technological research and development, strengthen publicity and guidance, and create demonstration, while ignoring the incentive of other economic measures, the construction of technical personnel, and the construction of supporting infrastructure; from the perspective of policy implementation purposes, the scope of our rural new energy policy has been gradually refined; from the perspective of the overall energy structure, the scope of our rural new energy policy has been gradually refined to a certain field, from the initial focus on the overall rural electricity security, improving coal clean transformation efficiency, energy comprehensive construction to focus on new energy utilization, double carbon goals, rural energy revolution, and rural revitalization (Li et al., 2021).
China’s new energy policy system is multi-level, all-round, and diversified, which is mainly divided into three categories: development policies. For example, the 2019 photovoltaic power generation project construction work plan issued by the National Energy Administration in May 2019 strictly regulates the competitive allocation of subsidy projects and optimizes the construction investment and business environment, starting from the development of new energy sources. Energy-saving policies, such as the work plan for comprehensive supervision of clean energy consumption issued by the National Energy Administration in March 2021, promote the effective implementation of new energy consumption policies and ensure the efficient use of new energy in rural areas (Luo et al., 2022). Traditional energy transformation policies, such as the opinions on improving the system mechanisms, policies, and measures for green and low-carbon energy transformation issued by the National Development and Reform Commission and the National Energy Administration in February 2022, are conducive to promoting the high-quality development of rural new energy and the comprehensive green transformation of economic and social development (Song et al., 2023). It will provide a guarantee for the scientific and orderly promotion of the goal of carbon peaking and carbon neutrality on schedule and the construction of a modern economic system.
3 DEVELOPMENT MECHANISM OF RURAL NEW ENERGY CONNECTION
3.1 Interest behavior of rural new energy connection development
Rural new energy connection development includes three stages: development, production, and utilization of new energy. The interest behavior of rural new energy connection development is as follows.
3.1.1 Development stage of rural new energy resources
	1) Benefit target of new energy resource development. In the development of rural energy resources, the goal is, on the one hand, to develop biomass resources, rural straw, and other biomass resources for centralized collection and large-scale development, forming an industrial scale and on the other hand to develop clean energy such as wind and other clean distributed units of site selection.
	2) Interest behavior of new energy resource development. Based on the key business, in the industrial resource development stage, the main cooperative subjects are social subjects, agricultural users, logistics enterprises, and distributed unit location research institutions. Recycling straw and other biomass resources from the hands of agricultural users; relying on the logistics enterprises to improve the logistics system, transport, to achieve the large-scale development of rural straw and other biomass resources; cooperating with research institutes of distributed unit siting to study distributed unit siting layout; and realizing the development of clean energy resources such as landscape; social subjects are mainly reflected in reaching investment cooperation alliances with investors and builders, investing funds, and participating in the whole process of resource development.

3.1.2 Production stage of new energy resources in rural areas
	1) Benefit target of new energy resource production. It is to build the rural new energy production system. On the one hand, it is to build the distributed production unit of industrial resources, and on the other hand, it is to build the system information platform. For the construction of the system, the common construction methods include BT mode and improved PPP mode.	① BT mode. BT is building and transfer, for the first construction, after the transfer construction mode. Through bidding, the initiator signs a construction BT contract with the winning bidder, entrusts the project to the winning bidder for construction, and accepts the project after completion of construction, as shown in Figure 11.


	2) Improved PPP mode. The conventional PPP mode refers to the cooperation between the government and private capital to participate in the construction of public infrastructure. In the construction process of energy internet + rural energy (Yang et al., 2021), an improved PPP model can be adopted, that is, based on the cooperation alliance in the PPP model, the cooperative subjects will be expanded to include government departments, power grid companies, new comprehensive energy construction companies, and social capital, and the power grid companies and new comprehensive energy construction companies will take the lead. Multi-party cooperation in the construction and operation of the rural new energy industry (Yu et al., 2022) is shown in Figure 12.
	2) Interest behavior of new energy resource production. Based on the key business, in the resource production stage of the rural new energy industry, the partners are mainly equipment manufacturers, system developers, social subjects, and the government. Purchase equipment from equipment manufacturers; rely on the technology of system developers to develop a modern internet platform, to realize the construction of the system equipment layer and platform layer; cooperate with social subjects and the government to absorb social capital and obtain national policy support so as to reduce investment costs and improve investment efficiency.

[image: Flowchart depicting the stages of an energy production project. It starts with the "Project initiator," proceeds to "Sign BT agreement," then "Project undertaker," followed by "Construction and implementation," and concludes with "Energy production system." Additional arrows indicate supervision, construction steps, and completion handover.]FIGURE 11 | BT construction mode.[image: Flowchart illustrating the energy production system. At the top, a green circle labeled "PPP contract" is connected to four entities: New energy company, State grid corporation, Social subject, and Government. Below are three blue arrows titled Construction, Operation, and Optimization, pointing towards the Energy production system.]FIGURE 12 | Improved PPP construction mode.3.1.3 Utilization stage of rural new energy resources
As can be seen from Figure 13, a basic business includes energy supply service, auxiliary service, and clean energy service. Energy supply service is based on rural energy, carrying out distributed power generation in the local consumption, supplying energy to end-users at the same time, the surplus online; auxiliary service refers to the frequency modulation, voltage regulation, and reserve and other services provided by the pointer to the power grid. Clean energy service is a policy subsidy for promoting green electricity to end-users. The extended business includes energy management services and energy-saving transformation services. Energy use management services refer to providing end-users with energy use solutions, energy use quality management and customization, equipment operation and maintenance services, etc. Energy-saving transformation service refers to the end-users, the use of demand response, energy package, and other means to provide energy efficiency management, energy-saving transformation, and other services. Value-added services include energy financial services and information services. Energy financial services refer to providing consumers with financial services such as power failure compensation insurance. Information service refers to the energy use data based on the consumption end. On the one hand, it provides energy use data and energy use plans for consumers at the consumption end; on the other hand, it provides differentiated user portraits for producers at the production end.
[image: Flowchart illustrating rural energy resources key items, divided into three categories: Basic Items, Extension Items, and Value-added Items. Basic Items include energy supply, auxiliary, and clean energy services. Extension Items list energy use management and energy saving reservation services. Value-added Items comprise energy financial and internet services.]FIGURE 13 | Rural energy resource utilization stage key business.Benefit behavior of new energy resource utilization. Based on key services, in the market-oriented operation stage, the main partners are end-users and power grid companies. For end-users, on the one hand, they sign an energy use contract with the investor (the manager of the investor is assumed in this paper) and reach a supply–demand cooperative alliance (Zakaria et al., 2020). On the other hand, energy management contracts are signed with the investors and builders to achieve demand response cooperative alliance. The power grid company, on the one hand, can sign a two-way auxiliary service contract with the investor (assuming the investor is a new comprehensive energy construction company here) to provide backup, frequency modulation, and other services to each other and reach a backup cooperation alliance. On the other hand, the investors signed the surplus Internet contract and reached the consumption of clean energy cooperation alliance.
3.2 Interest relationship of rural new energy connection and development
3.2.1 Interactive analysis of interest linkage
Based on the design of the rural new energy business model, this section further analyzes the interest relationship of multi-subject capital flow under different development stages, as shown in Figure 14.
[image: Flowchart illustrating the interactions between a rural new energy project builder and various entities, including logistics companies, government, power grid companies, and farmers. It depicts relationships like logistics service fees, government subsidies, and equipment purchase fees, highlighting the different project stages: resource development, production, and utilization.]FIGURE 14 | Analysis of multi-subject interest relationship in different stages.It can be seen from Figure 14 that in the development stage of rural new energy resources, stakeholders mainly include project construction and initiator, social subjects, scientific research institutions, logistics companies, and agricultural users (Dong et al., 2023). In this stage, the power grid company or the new comprehensive energy construction company is the construction and initiator of the project, which is the outflow of funds. If the social subject participates in the construction cooperation, it needs to pay the investment fee for the construction, which is also the outflow of funds. If the social subject does not participate in the construction but can provide services for the construction, it can get the construction service fee, which is the inflow of funds. Agricultural users, logistics enterprises, and research institutes for distributed unit siting need to pay biomass resource recycling waste fee, logistics service fee, and research fee, respectively, belonging to the inflow of funds. In the production stage of rural new energy resources, stakeholders mainly include project construction and initiator, social subjects, government, system developers, and equipment manufacturers. In this stage, the role positioning of construction and initiator and social subject is consistent with that of the resource development stage. For the government, it can be either capital outflow or capital inflow. By formulating policies, the government designs subsidy policies for investment and construction on the one hand and investment funds and punishment measures on the other hand so as to obtain benefits in case of violations by the investors (such as violation of occupation of farmland). For equipment manufacturers and system developers as equipment providers and platform developers, the investors need to pay equipment purchase fees and platform development fees to them, respectively, which belong to the capital inflow. In the utilization stage of rural new energy resources, stakeholders mainly include the construction and initiator of the project, the power grid (if the power grid does not belong to the construction and initiator of the project), the government, and the end-user. In this stage, the construction and sponsors, the power grid, and the government have both capital inflows and outflows. Among them, for builders and initiators, capital inflow mainly includes service income from the government, power grid, and end-users. Capital outflow mainly includes penalty cost paid to the government, standby service cost paid to the power grid, and demand response cost paid to users. As for the end-users, they need to pay service fees for various services to the investors, which belong to the outflow of funds (Yu and Yin, 2023).
3.2.2 Analysis of benefit components
Based on the analysis of the flow direction of multi-agent value, the cost and value components of rural new energy are sorted out, with the participant as the main body. As shown in Figure 15, the benefit components mainly include cost measurement and value measurement. The cost is divided into three stages: development, production, and utilization. The development stage includes biomass recycling fee, logistics service fee, scientific research fee, and development service fee. The production stage includes equipment purchase fee, platform development fee, policy penalty fee, and development service fee. The utilization stage includes standby service fee, policy penalty fee, demand response fee, and utilization service fee. The utilization stage of value measurement includes seven parts: energy supply income, energy management income, energy management income, energy insurance income, auxiliary service income, demand response income, data realization income, and policy subsidy income.
[image: Flowchart titled "Interest elements" depicting two main branches: Cost measurement and Value measurement. Under Cost measurement, there are three stages: Development (Biomass recycling, Logistics service, Scientific research expenses, Development service fee), Production (Equipment purchase cost, Platform development fee, Policy penalty fee, Development service fee), and Utilization (Reserve service fee, Policy penalty fee, Demand response fee, Utilization service fee). Under Value measurement, there is one stage: Utilization (Income from energy supply, Use energy to manage revenue, Use energy to increase profit, Ancillary service revenue, Demand response benefit, Unit realization income, Policy subsidy income).]FIGURE 15 | Different stages of interest components.4 OPTIMIZATION OF RURAL NEW ENERGY SYSTEM CONSTRUCTION
4.1 Main problems of rural new energy system construction
In recent years, China’s rural new energy industry has been developing rapidly. The state also attaches great importance to it and has introduced relevant policies to support it. However, due to the limitations of the rural economy and technology, the rural new energy industry of China has a certain gap between the realization of the double carbon goals, and problems still persist.
	1) Low energy efficiency and imbalance of the supply and demand structure

At present, China’s new energy resource utilization efficiency is low and does not conform to the requirements of promoting green development. According to statistics, at the end of 2020, the proportion of new energy usage in China was only approximately 15%, the main energy sources still being coal, oil, straw, firewood, and so on, caused by coal, oil, and other traditional energy carbon emissions of more than 85% (Li J. et al., 2023), and the most extensively used method is direct combustion, with low utilization efficiency, producing large amounts of soot, polluting the environment, and aggravating haze. Rural areas are rich in solar energy, wind energy, small hydropower, and other resources. However, due to the scattered distribution in rural areas, the high cost of new energy technology development, and the insufficient understanding of new energy technology in rural areas, the development and utilization level of new energy in rural areas is low, and the imbalance between supply and demand exists. With the acceleration of urbanization and industrialization in the medium and long terms, the lifestyles of farmers and urban residents are becoming increasingly similar, and traditional energy sources are increasingly unable to meet the needs of rural production and living.
	2) Backward infrastructure and a single source of funds

In China, new energy infrastructure is weak, technology development investment is insufficient, the modernization scale operation level is low, and the general energy service ability is insufficient (Wang, 2022). After the construction of new energy infrastructure projects in rural areas was put into use, the follow-up technical services could not keep up. For example, although China has a large agricultural population, the total installed power capacity of agricultural production and rural living is only 80 million kW, accounting for less than 4% of the total installed power capacity of the country, and the average power supply capacity of each household is only 1/10 of that of urban areas. The rural new energy construction investment scale has a long recovery cycle and high uncertainty. At present, our rural new energy industry is still mainly led by state investment, the capital gap is large, the capital source is single, and the new energy development level and the low level of economic development restrict the energy transformation (Naumann and Rudolph, 2020).
	3) Loose policy structure and lack of long-term mechanisms

Since the reform and opening up, the new energy policy of the countryside needs to be adjusted and improved with the changing situation. However, the new energy policy needs to be implemented with integrity, long-term nature, and pertinence. Compared with Wang et al. (2022), this study found that in 2019–2023, China had promulgated more than 30 major new energy-related policies. In the formulation of new energy policies, China lacks overall consideration, often only considering new energy and the economy or new energy and the environment, rarely coordinating the three, which is not conducive to sustainable development. In the implementation of the new energy policy, the development of the new energy industry needs strong support and planning of the government; however, at present, the new energy industry policy support is weak, and the departments in the formulation of policies or examination standards have not specified the implementation standards (Wang and Yuan, 2023), resulting in the lower executive departments having too much free play space and scope, with a lack of unified planning and guidance. The implementation of new energy policies often lacks follow-up supervision and promotion, resulting in improper implementation.
	4) The interest connection is not tight, and the interest relationship is unstable

Compared with He et al. (2022), this study found that from the current point of view, there are still some difficulties and constraints in the process of development, production, and utilization of rural new energy connection. The problem of interest connection among market entities has not been completely solved, and a close community of interests needs to be improved. The interest subjects of innovation and development of the rural new energy industry are not closely connected, the interest relationship is not stable enough, and the willingness to continue cooperation needs to be enhanced, hence resulting in lack of new energy exploitation, weak consumption power of farmers, and poor effect of industrial carbon reduction and efficiency improvement.
4.2 Suggestions on the construction and development of a rural new energy system
	1) Accelerate the transformation of new energy consumption patterns in rural areas and improve energy efficiency

At present, most of the energy requirements of rural life depends on coal, straw, and so on, so efficient development of rural new energy needs to be driven by coal to electricity and coal to gas, gradually increasing rural distributed photovoltaic, biogas, biomass energy, etc., through the comprehensive energy system to improve energy efficiency so as to reduce the unit energy density and carbon emissions (Wu et al., 2023). At the same time, we should reduce the proportion of non-commercial energy use, promote the replacement of domestic electric energy and comprehensive energy supply, adapt to local conditions, reduce low-quality loose coal, choose new energy suitable for local use, improve energy efficiency, promote energy conservation and carbon reduction in important areas, and improve the quality of life of rural residents.
	2) Optimize the development and construction of new energy infrastructure and increase financial investment

To enhance the development of distributed wind power and distributed photovoltaic systems in rural areas, it is essential to accelerate the classification and recycling of household waste. Additionally, expanding the resource development radius and standalone capacity of biomass energy, as well as solid waste such as straw, is crucial. Moreover, it is necessary to explore the promotion and utilization of carbon capture devices for biomass and waste power generation (Yu et al., 2023). We are committed to establishing standards for the operation and maintenance of new energy systems in rural areas to ensure safe energy production and guarantee a consistent and reliable supply of new energy. Additionally, we will enhance comprehensive energy operation and peacekeeping services in rural areas. We will actively encourage farmers to participate in the development and construction of new energy resources through initiatives like collective land and labor force investment, aiming to increase their engagement and recognition. By doing so, we can effectively reduce the development and supply costs associated with new energy resources in rural areas. Moreover, we will increase financial support and encourage financial institutions to innovate financing methods and service models. This will enable us to provide differentiated financial assistance to high-quality projects.
	3) Improve the policy and system guarantee of new energy in rural areas and boost confidence in new energy development

With the completion of poverty alleviation in rural areas and the improvement of rural economy, relevant policies and system guarantee can consolidate the achievement of poverty alleviation to a certain extent (Wang S. et al., 2023). It is necessary to ensure the integrity, coherence, long-term stability, and pertinence of policies; actively explore new energy incentive policy support means; and stimulate the enthusiasm of participants by improving economic benefits. Economic incentives such as low-interest loans, tax cuts, and fee cuts are given to enterprises to enhance the enthusiasm and initiative of investing in the development of rural new energy, increase the training of relevant technical personnel, and promote the innovation and promotion of rural new energy technology, application mode, and commercial mode (Wang B. et al., 2023). The government should strengthen publicity in the pilot areas of rural new energy reform, while also conducting thorough research and demonstration on the economic value of rural new energy. It is crucial to promote feasible practices and amplify the demonstration effect to effectively achieve the double carbon goal.
	4) Strengthen the coordinated development of interest-linked subjects and promote the realization of dual-carbon goals

At present, the interest-linking subjects of rural new energy development are more diverse, the interest-linking relations are more complex, and the interest-linking scenes are more sophisticated. Therefore, it is necessary to take the development, production, and utilization of rural new energy as a complex systematic whole; apply the complex system theory; strengthen the complementary advantages of multiple subjects, resource sharing, mutual benefit, and synergy; and fully combine the rural resource endowment. It is important to explore a typical model of interest linkage based on local conditions, focusing on the principles of clean and low-carbon, nearby utilization, and benefiting the people. This will help achieve the synergistic effect of pollution reduction and carbon reduction in agriculture and rural areas (Finn and Brockway, 2023). In short, under the double carbon goal, the innovation and development benefits of the rural new energy industry should be connected according to local conditions, according to the current conditions, according to the needs of the situation, according to the situation, and according to the situation.
5 CONCLUSION
In view of the problems existing in rural energy development under the “dual carbon” goal, this paper integrates and summarizes the relevant data on rural new energy in recent years. The existing literature pays more attention to the development trend and reform path of rural energy, but pays less attention to the consumption, utilization, and linkage development mechanism of rural new energy. This paper analyzes the current development and utilization status of rural new energy in China and the linkage development mechanism. The results show the following: 1) Energy output in rural areas is mainly concentrated in wind energy, photovoltaic energy, and water energy, followed by biomass energy. The development and utilization of new energy has been increasing continuously, but the utilization efficiency is low and insufficient; 2) The total amount of new energy consumption in rural areas continues to increase, and its overall situation is good in terms of production and supply mode, consumption structure, and industrial development. However, due to the rising demand, the contradiction between the supply and demand of new energy in rural areas is aggravated, and there is still a certain gap in the construction process of a modern new energy system in rural areas. 3) The scale of the rural new energy industry increases, policy support is strengthened, and the industry development environment is optimized. However, there is an imbalance in policy development, which tends to direct financial allocation while ignoring the training of relevant technical personnel. 4) In the process of rural new energy connection development, interest subjects are not closely connected, the interest relationship is unstable, the interest connection among market subjects has not been completely solved, and a close community of interests needs to be improved. New energy resources are not fully tapped, farmers' consumption power is not strong, and industrial carbon reduction and efficiency is not good. In theory, this paper supplements and expands the current literature research and studies the development and utilization status of rural new energy development, linked development mechanism, and system construction from a new perspective. In reality, this paper starts from the current situation of rural new energy development and utilization; analyzes the scale of rural solar energy, rural wind energy, rural biogas energy, and other new energy industries; closely follows the national pace of rural new energy development; analyzes the latest policies of rural new energy industry; analyzes the development mechanism of rural new energy connection; and provides corresponding solutions to stakeholders. It also provides reference for the subsequent related research and rural new energy development.
At present, China’s rural energy revolution is booming, and the results are remarkable. The model innovation, policy innovation, and path innovation formed in the process of promoting the development of rural new energy in China have a high degree of wide applicability. Rural areas are the resource base and hold an important position in new energy development. The biggest pressure on global sustainable development comes from the climate challenge, which requires all countries to implement carbon reduction strategies. In this historical trend, the development of rural areas all over the world has ushered in valuable opportunities. China’s rural energy revolution has been further promoted to contribute to a new road and a new model, and in the process of promoting the strategic adjustment of China’s energy structure, rural areas occupy a very prominent position. A series of important documents have been issued, and policies have become increasingly perfect. The global rural clean energy development faces many common technical problems, model problems, and policy problems, and the extraordinary practice of China’s rural energy revolution provides valuable exploration experience and rich solutions for breaking through these problems.
The green energy transformation and development in rural areas are essential to meet the people’s aspiration for a better quality of life. Moreover, it plays a vital role in the establishment of a modern energy system. This endeavor holds great significance in not only consolidating and expanding poverty alleviation achievements but also promoting rural revitalization, achieving carbon peak and carbon neutrality, and modernizing agriculture and rural areas. To realize the double carbon goal, it is imperative to vigorously develop rural new energy. This entails increasing the proportion of new energy utilization and enhancing relevant infrastructure. Additionally, expediting the green transformation of the rural new energy structure is crucial. Providing strong institutional support for rural new energy development is necessary, along with fostering coordinated development of stakeholders involved. By improving the quality of life for residents in rural areas, a modern rural new energy development system can be established. This will contribute to the support of rural revitalization and the achievement of the carbon peak and carbon neutral goals.
The research in this paper focuses on theoretical research, without actual research, and individual data are not updated to the latest year, resulting in incomplete data. Rural areas are rich in new energy resources such as wind energy, solar energy, and biomass energy, which is an important field for realizing the double carbon goal. With the rapid development of new energy in rural areas, the complexity of energy use in rural areas will continue to increase in the future. To address the limitations of this paper, it is hoped that more detailed data can be collected and detailed practical research can be conducted in subsequent studies in order to accelerate the construction of a modern rural new energy system and achieve the double carbon goal.
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1 INTRODUCTION
The United States is making plans to meet a significant portion of its energy needs from renewable sources and aims to achieve this goal by 2030 (US. Department of Energy, 2021). In the process of achieving this goal, many agricultural and public areas will need to be converted into energy production sites. Starting from November 2021, the Bureau of Land Management (BLM) approved the use of some public areas for renewable energy production, signaling the start of this process (Bureau of Land Management, 2021). The Solar Projects shown in Figure 1, provided by SEIA, can give an idea in this regard.
[image: Map showing locations and capacities of prisons in the United States. Bubbles of varying sizes and colors indicate different prison capacities and ownership types, with legends explaining the symbols. The map is divided into four panels covering different regions.]FIGURE 1 | Major solar project started at the United States (SEIA, 2023).
Different perspectives can be considered regarding additional land requirements to achieve renewable energy production targets. For instance, while some studies state that renewable energy production areas may have negative effects on natural life (Gasparatos et al., 2017; Dhar et al., 2020; Rahman et al., 2022), another study argues that the land demand envisaged for renewable energy production will constitute approximately 1% of the country’s land and that this should not be exaggerated (Union of Concerned Scientists, 2023). On the other hand, some studies provide data showing that there is already plenty of room for renewable energy production within the residential and industrial areas we currently use. For instance, a technical report by OSTI.gov states that roofs in the United States of America have the potential to meet 39% of the required electrical energy (Gagnon et al., 2016), similarly, another study mentions that the existing roofs of the United States can potentially meet all of the country’s solar energy needs (Joshi et al., 2021).
While it's unrealistic to completely avoid using agricultural and public areas in renewable energy production, minimizing the impact on these areas and untouched nature is crucial. Although environmental impacts have been considered in the planning process so far, the primary goal seems to be achieving the required energy production capacity by 2030 (US. Department of Energy, 2021). To avoid criticisms about harming nature in the coming years, it needs to be more careful in renewable energy production planning. This, of course, requires addressing the technical and economic dimensions of the issue, determining priority methods to minimize the need for agricultural and public areas in renewable energy production, making legal regulations, and establishing necessary incentives.
This article presents an opinion on methods that can be used to minimize the need for agricultural and public areas in renewable energy production. It emphasizes the importance of prioritizing methods, discusses potential obstacles in implementation, and offers solutions to overcome these obstacles. The most important method proposed is to focus on renewable energy production as much as possible within existing residential, and industrial areas. The article introduces two new concepts in its solution proposals: the leasing of roofs in residential areas for solar energy production and the installation of energy storage systems in residential areas, with their organization and commercial operation handed over to energy providers.
2 RENEWABLE ENERGY PRODUCTION IN RESIDENTIAL AREAS
A significant majority of electricity consumption in the United States of America takes place in residential areas (U.S. Energy Information Administration, 2022). Given that natural habitats are already fully or partially disrupted in residential and industrial areas, focusing on renewable energy production in these areas seems to be a viable solution to reduce the need for extra land. Additionally, producing electricity where it's predominantly consumed has long been known as an effective way to minimize losses. In this context, the first idea that comes to mind is to prioritize residential areas and ensure that Solar PV technology is extensively used in these areas for renewable energy production. However, in practice, there are barriers to using Solar PV technology in almost half of the residential areas (Sigrin and Mooney, 2018; Reames, 2020). Some of these barriers are listed below along with proposed solutions.
2.1 Barriers rising from physical conditions
Factors like roof orientation and inclination not being suitable for efficient solar harvest, roofs not being structurally strong enough to support solar panels, and shading from trees and neighboring buildings pose significant physical barriers (Li et al., 2020; Kiray, 2021). To overcome the obstacles arising from physical conditions, alternative solutions should be offered that allow Solar PV panels to be placed in suitable sun-exposed places other than the roofs of houses or garages. Projects and products that contribute to these solutions should be supported. For example, the RRSTS project combined a gazebo with a Sun tracking system to create an aesthetically pleasing solution (Kiray, 2021). Gazebos in such applications can be placed in various spots within gardens. Similarly, Smart Flower Sun tracking products, with their aesthetic design, are suitable for use in gardens and green spaces (Mulyana et al., 2018).
Another solution could be the dissemination of community applications that allow cooperation between neighbors in energy production and sharing and supporting them with incentives. Various models have been developed for such systems and are already in use (Michaud, 2020; Tabassum et al., 2021). The use of these systems can make significant contributions to overcoming barriers arising from physical conditions. Barriers Rising from Socio-economic Conditions.
2.2 Barriers rising from socio-economic conditions
It is stated in the supplementary report presented within the scope of Solar Future Studies that; There are different barriers according to whether people living in residential areas are homeowners and tenants, are middle and low-income individuals, and even have low credit scores (Heeter et al., 2021). Specific strategies must be developed to overcome such barriers, and this opinion article introduces a new concept to contribute to the solution. This concept: The roofs of houses in city centers can be rented in the same way as lands outside the city are rented for solar energy production. When a roof is rented for solar PV installation, the rental fee can be a reasonable amount that will offset the increase in insurance costs and contribute to the home’s electricity bill. Data from solar calculator websites show that such applications are realistic and reasonable (Aurora Solar, 2023; NREL, 2023; SunPower, 2023). With such an application, the low income of the landlord or the low credit score can turn into an advantage. Similar practices can be extended to rental properties as well. By using Micro-inverter in Solar PV systems to be installed in such houses, it can be ensured that the entire electronic system is gathered on the roof and thus the tenants are less disturbed (Sivaraman and Sharmeela, 2020; Lagarde et al., 2021).
3 RENEWABLE ENERGY STORAGE IN RESIDENTIAL AREAS
Another method to minimize the need for agricultural and public areas in renewable energy production can be to store surplus energy generated at night from renewable sources and use it during daylight hours. Thus, the need for new energy production systems can be reduced. However, it's important to clarify that if energy storage isn't pursued within residential and industrial areas, the same way extra land is needed for renewable energy production, extra land would be required for energy storage systems as well. An average of 1,000 square meters of space per MWh is needed for battery-based energy storage systems (Convergent, 2023; Convergent, 2023).
Due to concerns and barriers surrounding the concept of residential energy storage, these applications are not widely used today. Some of these concerns and barriers are discussed below and expanded upon with proposed solutions.
3.1 Concerns
As of today, the most suitable technology for storing electrical energy in residential areas seems to be battery technology. However, battery-based energy storage systems are both relatively expensive, short-lived, and mostly harmful to the environment. Therefore, residential energy storage systems, which aim to reduce the need for new energy production areas by transferring the surplus energy produced at night to daytime hours and thus protect agricultural and public areas, should prefer battery systems that cause the least harm to the environment. When battery technologies are compared, it is seen that suitable alternatives can be found (Wang et al., 2018; Hannan et al., 2021; Mrozik et al., 2021).
3.2 Barriers
The existence of many energy storage systems currently in use may lead to the belief that energy storage in residential areas is unnecessary. We can list two of these alternatives as follows. First, to identify special areas for energy storage and to store very high volumes of energy in these areas using technologies such as pumped hydro energy storage systems (Rehman et al., 2015; Blakers et al., 2021) or compressed air energy storage systems (Olabi et al., 2021; Bazdar et al., 2022). The second is that energy storage is also carried out in places where renewable energy is produced. The importance of such energy storage systems cannot be denied, but just like energy production, consuming and storing energy in the same place has a significant advantage in preventing energy losses. The fact that energy is consumed mostly in residential areas in the United States shows the necessity of energy storage in residential areas.
The other and most significant barrier to the adoption of residential energy storage is that profitability can’t be generalized. Many factors influence the profitability of a residential energy storage system. NREC mentions these factors in a blog post (NREL blog, 2018). Factors like the presence of numerous energy providers in the United States of America, each with their pricing policies, make relying on end consumers for residential energy storage applications impractical.
This opinion article also introduces a new concept in this regard. This concept: The organization and commercial operation of energy storage systems in residential areas should be carried out by energy companies. Because the capabilities and flexibility required to make energy storage attractive in residential areas are characteristics of energy companies, not end consumers (RAP, 2016).
For instance, a model like this can be used. Energy companies place energy storage systems in residential areas, such a system can be called “Residential Area Energy Storage System,” or RAESS. Thanks to the energy company RAESS, it sells very cheap night electricity at the highest electricity price during the day at convenient times. A part of the profit obtained is reflected as a suitable discount on the electricity bill of the house where the RAESS is placed, and a part is allocated to cover the investment cost of the RAESS system. Therefore, both producers, energy companies and end users can benefit from such applications.
If the residential energy storage concept is developed, further advantages can be achieved. For instance, roofs or gardens of all houses and apartments in residential areas may not be suitable for renewable energy generation, on the contrary, a suitable place can be reserved for energy storage systems in many houses and apartments. Therefore, a much higher potential for stored energy use than anticipated can be achieved and it can contribute to reducing the need for extra areas for energy production and storage. In addition, the expansion of energy storage in residential areas can be a factor that encourages renewable energy production. Because a person who installs an energy storage system in his house already has installed 70% of the system required for solar energy production.
Energy storage in industrial areas can be considered more advantageous than residential areas. Since larger areas can be found in these areas, it is possible to use less damaging, cheaper and longer-lasting energy storage systems (Dehghani-Sanij et al., 2019; Hossain et al., 2020). If these places can store more energy than they need, this can be considered an extra benefit.
4 DISCUSSION
The opinion presented in this article argues that we need to develop some methods to minimize the need for agricultural and public areas by increasing the renewable energy production and storage capacity in Residential and Industrial areas and discusses the priority methods it has determined. These methods are summarized in the following items. At the same time, these articles are both a conclusion, a recommendation for the institutions organizing the legal regulations and incentives, and an invitation to some scientific studies that need to be done.
To minimize the need for agricultural and public areas while expanding renewable energy production:
It should support the production of energy where it is consumed. In other words, residential areas where energy is consumed the most should be considered as the priority areas for renewable energy production.
Incentives should be provided to support products and projects that hinder renewable energy production in residential areas and aim to overcome obstacles arising from physical conditions.
Energy storage in industrial and residential areas should be supported and this issue should be considered as a priority issue.
For energy storage in residential areas, battery systems that are less harmful to nature should be given priority and incentives should be arranged accordingly.
Energy storage applications in residential areas should be left to energy companies and legal regulations should be made for them to place energy storage systems and operate these systems commercially.
It should make legal regulations and give incentives that allow roofs or other suitable places in residential areas to be rented for renewable energy generation. Feasibility studies on this subject should also be supported.
This opinion article will be supported by some new articles containing simulation studies. In these simulations, the last two issues presented above, namely, two new concepts, will be addressed.
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Introduction: The digital economy plays a crucial role in achieving synergistic reduction in air pollutants and carbon emissions.
Methods: A super-efficiency slack-based model with undesirable outputs was applied to systematically calculate the efficiency of synergistic air pollutants and carbon emissions governance (ESACG). This study used the difference-in-differences (DID), propensity score matching-DID, quantile DID methods and generalized random forest model to empirically test the impact and its heterogeneity of the digital economy on the ESACG, with the establishment of the National Big Data Comprehensive Pilot Zone as a quasi-natural experiment.
Results: 1) The digital economy significantly improved the ESACG by optimizing industrial structure in source management, improving energy utilization efficiency in process control, and promoting green technological innovation in end blocking. The digital literacy of talent and digital financial support strengthened its enhancing effect, but the digital infrastructure was insignificant. 2) The digital economy significantly enhanced the ESACG in the cross-regional and regional demonstration zones but inhibited it in the pioneering zones. Its impact on the ESACG in big data infrastructure-integrated development zones was insignificant. 3) Between the 25th and 90th quantiles, there was an asymmetric inverted U-shaped influence of the digital economy on the ESACG, with no discernible impact at the 10th quantile. In cities with better economic development and technological innovation, the contribution of the digital economy to the ESACG was more significant.
Discussion: It is necessary to continuously advance the construction of existing pilot zones, steadily expand their coverage, and differentiate between harnessing the experiences of reducing pollution and carbon emissions to formulate strategies for synergistic regional governance.
Keywords: the digital economy, synergistic reduction effect, air pollutants, carbon emissions, difference-in-differences, generalized random forest

1 INTRODUCTION
In the face of extreme changes in the global climate and increasing environmental pollution, the synergistic control of air pollutants (AP) and carbon emissions (CE) has become a global concern. Unlike the development paths of most developed countries, where they pollute first and treat later, developing countries now face the double threat of AP and CE (Yi et al., 2022). The scale and imbalance of China’s development have led to a longer and more intense overlap between these two problems (Di et al., 2023), making it particularly urgent for China to implement measures for the synergistic governance of AP and CE. The homogeneity of atmospheric pollutants and greenhouse gas emissions confirms the feasibility of synergistic AP and CE governance (China Air Quality Management Assessment Report, 2016). However, there are high regulatory costs and low awareness of climate-related pollution prevention at the district level within the Ministry of Ecology and Environment (Li et al., 2022). In addition, the setting of separate targets for tackling climate change and controlling CE makes it challenging to synergize the control of AP and CE (Yamineva and Liu, 2019). The synergistic governance of AP and CE has become the starting point and focus of China’s efforts to protect its ecological environment. It is also an important initiative for realizing the high-quality development of a low-carbon economy.
The common factor contributing to the growth of AP and CE in China is the continuous consumption of fossil fuels (Dong et al., 2021). However, the digital means provided by the rapid development of the digital economy effectively reduce the consumption of fossil fuels, indicating a new direction for the synergistic governance of AP and CE. First, the digital economy is characterized by permeability and sharing, enabling it to penetrate all aspects of energy production and consumption (Xiao et al., 2023) and monitor AP and CE efficiently in real time using digital technologies such as sensors and image recognition. This provides data support for the synergistic reduction of AP and CE (Khatami er al., 2023). Second, the digital economy applies big data technologies and artificial intelligence to dip deeply into emissions monitoring data and identify primary pollution sources and critical control points (Pinto et al., 2020), then simulate them using mathematical models to develop precise and effective synergistic management programs for pollution and carbon reduction (Adu-Amankwa et al., 2023). Third, a unified digital pollution and carbon reduction regulatory platform built by the digital economy integrates information and data from relevant sectors, uses technologies such as blockchain to strengthen the synergistic linkages of multiple departments (Lu et al., 2022), conducts online transactions to reduce transactions costs, and expands the scale of participation, such as the online trading of CE quotas on carbon trading platforms (Yang and Zhang, 2023), thus providing a common incentive for pollution and carbon reduction.
The central government approved and constructed national-level big data comprehensive pilot zones across the country to promote the development of big data-related industries. These big data pilot zones offer a favorable environment for the development of the digital industry by fully leveraging the role of data elements in lowering barriers to data resources and improving infrastructure coordination (Abdalla et al., 2022). Pilot zones are asked to create advanced big data products, cultivate backbone enterprises and industry talents in big data, and effectively exploit the value of data resources to enhance the government’s management capacity to support economic transformation and upgrades (Wei et al., 2023). By continuously summarizing practical experiences that can be learned, replicated, and disseminated, viable strategies can be formed in pilot areas to boost the sustainable development of the digital economy (Wang et al., 2023). Since 2016, China’s eight national-level big data comprehensive pilot zones1 have been shaped to jointly lead the development of the big data industry in the eastern, central, western, and northeastern regions, providing a broad application space and scenario for digital technology.
The existing literature considers the establishment of big data pilot zones as a proxy variable for the digital economy and studies its impact on sustainable marketing (Chou et al., 2022), polycentric spatial structures (Liu et al., 2021b), smart city construction (Zhao et al., 2021), high-quality economic development (Guo et al., 2023), air pollution (Zhang and Ran, 2023), and carbon emission reduction (Bu et al., 2023). Scholars have further examined the synergistic effect of big data pilot zones on AP and CE using PM2.5 and CO2 emissions, respectively, as explanatory variables (Hu, 2023); however, because regional AP and CE are often the product of energy consumption and economic development, the synergistic system of the two needs to take into account the balance between resource utilization, environmental pollution, and economic development (Purohit et al., 2019).
In general, it is necessary to investigate the synergistic effect of the digital economy on pollution and carbon reduction by establishing big data pilot zones as natural experiments. The existing literature should measure the synergistic effect of AP and CE, and more research is needed on the impact of the digital economy on the efficiency of synergistic AP and CE governance (ESACG). Given this, the possible marginal contributions of this study are as follows: 1) The assessment of the synergistic effects of AP and CE used in most studies starts from the absolute amount of emissions reduction, but AP and CE as undesirable outputs require a more detailed examination in conjunction with efficiency scales. Therefore, a new framework for assessing the synergistic effects of AP and CE was constructed by selecting input-output indicators in the muti-dimensional aspects of economic development, resource utilization, and environmental governance, and AP and CE as undesirable outputs into the super-efficiency slack-based (SBM) model to calculate the ESACG, improving the system of indicators for assessing the synergistic effect of pollution and carbon reduction. 2) The exploration of synergistic governance paths has focused mainly on “source management” and “end blocking” and less on “process control.” Based on a quasi-natural experiment involving setting up big data pilot zones, the transmission mechanisms of the digital economy on the ESACG were examined in an all-around manner from the three dimensions of source management, process control, and end blocking. The possible moderating effects of regional “hard facilities” and “soft environment” were considered, providing a reference for the current governance pathway. 3) In contrast to the difference-in-differences (DID) method, which explores the heterogeneity of treatment effects by grouping regressions or introducing interaction terms, machine learning can better identify the differential impact of the digital economy on the ESACG by algorithmically capturing the treatment effects of each individual. The quantile DID (QDID) method and generalized random forest (GRF) model were deployed to study the heterogeneous impact of the digital economy on the ESACG in terms of experimental zone types, the potential for synergistic emission reduction, and urban resource endowment, facilitating regionally differentiated governance.
The outline of this article is as follows: The second section elaborates on the theoretical mechanisms and research hypotheses. The third section outlines the methodology and data. The fourth section explains the empirical results and provides a further discussion. Finally, we present our conclusions and policy recommendations.
2 THEORETICAL MECHANISMS AND RESEARCH HYPOTHESES
2.1 Transmission mechanisms of the digital economy on the ESACG
The rigid constraints of peak carbon targets force carbon emitters to promote CE reduction and symbiotic air pollution reduction through the whole chain. They must pursue energy saving and emissions reduction measures involving source management, process control, and end blocking to reach and lower the peak in a timely manner. After adopting the closed-loop control idea of “strengthen the source, strictly control the process, and optimize the end (Wang et al., 2022),” the impact mechanisms of the digital economy on the ESACG are examined from three channels: source management, process control, and end blocking.
2.1.1 Pathway of source management
China’s industrial sector is a crucial engine of economic growth and accounts for the largest share of energy consumption and CE in the country (Yang et al., 2017). However, because it employs an economic model centered on crude resource support, China’s industrial low-carbon transition is not fully synchronized with its economic growth, which impedes the synergistic governance of AP and CE (Liu et al., 2021a). First, unlike the excessive consumption of tangible resources and energy in traditional industrial production, the digital economy involves data and information as key production factors and is considered green and low-carbon. With the rapid development of the digital economy, Internet-based industries, which are classified as technology-intensive, have gained new opportunities and are less dependent on energy, thus reducing AP and CE (Fan et al., 2021). Second, emerging digital technologies such as big data and artificial intelligence have boosted the digitization and decarbonization of traditional industries, accelerating the digitization of the energy industry. This shift accelerates the creation of an inverted U-shaped inflection point in the Kuznets curve of the environment by forcing the transition from low-end, resource-intensive businesses to high-tech, high-value-added sectors, such as technology-intensive industries (Liu and Dong, 2020). Finally, data integration and internet development infiltrate the industry by integrating traditional production resources (Ivus and Boland, 2015), prompting traditional industries to undergo an all-round whole-chain transformation. These changes improve the operational efficiency of industrial organizations by reducing the energy consumption of production processes while achieving quality and efficiency gains, ultimately realizing a synergistic reduction in AP and CE. Therefore, we propose the following hypothesis.
H1a. The digital economy can improve the ESACG through industrial structure optimization in source management.
2.1.2 Pathway of process control
Regarding process control, the ESACG can be enhanced from the enterprise, residential, and governmental perspectives. Enterprise departments are connected across network communications on digital platforms to dynamically collect energy flow data closely related to enterprise emission activities in real time (Xu et al., 2022). Enterprise production and services are optimized to prevent needless losses of energy resources throughout the manufacturing process, consequently enhancing energy efficiency and assisting in achieving the ESACG. In addition, by reducing information barriers and technical constraints in traditional resource use, digital technology has led to the digital transformation of enterprises, promoting the advancement of energy utilization technology (Yang et al., 2021). On the residential side, the digital economy has created favorable conditions for the rise of the sharing economy, which emphasizes the elastic matching of supply and demand to achieve dynamic, timely, accurate, and efficient supply demand matching for optimal resource allocation and avoiding unnecessary new outputs (Bai and Sun, 2021), as well as saving energy and reducing waste, the carbon footprints, and emissions (Plewnia and Guenther, 2018). Regarding the government’s role, digital technologies provide stable price signals and incentives for emissions reduction through a sound environmental regulatory system and improved efficiency of environmental information management to enhance the effective regulation of energy supply and use in the public sector and the market’s ability to withstand external shocks (Ren et al., 2022; Yang and Zhao, 2022). Thus, we propose the following hypothesis.
H1b. The digital economy can improve the ESACG by improving energy utilization efficiency in process control.
2.1.3 Pathway of end blocking
Regarding end blocking, green technological innovation has a crucial impact on the digital economy’s ability to improve the ESACG. By boosting clean energy research and experimental development (R&D) (Chen et al., 2023) and promoting the exploitation of pollution control technologies by compensating for the loss of profits incurred through the payment of pollution control fees, the digital economy may foster green technological innovation. It accelerates the incubation and transformation of green and low-carbon technology innovation in cities, feeding AP and CE reduction with green innovation output (Wang et al., 2022), thus effectively improving the ESACG. However, the knowledge spillover effect brought about by the digital economy has compelled businesses to speed up the adoption of innovative pollution control techniques and promote urban green technological innovation (Meng et al., 2023). Consequently, the urban innovation environment attracts talent and funding for R&D and the use of clean technological in the pollution absorption initiative, thereby improving the ESACG-enhancement effects in the digital economy. Furthermore, green technological innovation has increased the government’s capacity to monitor and gather environmental information from polluting businesses. This aids businesses in taking targeted actions to control and eliminate emitted pollutants, which improves their ability to reduce AP and CE (Shi et al., 2018). In general, green technological innovation facilitates a green digital transformation, provides cleaner production and precision tools, which synergizes with economy-wide end-of-pipe pollution control to jointly improve efficiency and equity in reducing AP and CE (Rao et al., 2021). Thus, we propose the following hypothesis.
H1c. The digital economy can improve the ESACG through the end blocking of green technological innovation.
Based on the above analysis, we propose the following comprehensive hypothesis.
H1. The growth of the digital economy can enhance the ESACG.
2.2 Moderating effects of the digital economy on the ESACG
For the digital economy to release the synergistic reduction effect of AP and CE it requires material, human, and financial support. This will ensure that the information technology on which the digital economy relies can maximize the services needed for the urban management of contamination and environmental protection (Shi et al., 2018). Digital infrastructure, with its advantages of spillover and sharing, is the primary carrier of the growth of the digital economy; it is the “hard facility” that supports the regional synergistic reduction of AP and CE. Simultaneously, the digital literacy of talent and digital financial support should be available in the digital economy era. This is also a significant “soft environment” affecting the ESACG.
The information network formed by the construction of digital infrastructure accelerates information dissemination by reducing information asymmetry and promoting the formation of informal environmental regulation, mainly through the Internet (Li et al., 2017). Moreover, informal environmental regulations shaped by the amplification and ripple effects of network platforms exert massive public opinion pressure to force highly polluting and energy-intensive industries to undergo green transformation and upgrading, facilitating the ESACG. Regarding the digital literacy of talent, increasing regional human digital literacy strengthens the information service capacity of the digital industry, which decreases the cost of matching regional talent and creates a “reservoir” of green technical assets (Zhang and Shi, 2019). In turn, the multiplying effect of the digital economy on the ESACG can be released continuously and steadily by providing high-level human digital capital for each link in the closed-loop control. Digital finance shows an innovative mode of operation compared with traditional financial institutions, ensuring the continued growth of the digital economy. With the massive amount of information provided by big data technology, which can be used to evaluate enterprises at a lower cost, digital finance offers diversified financing channels for enterprises to allow financial resources to precisely match the capital needs of green R&D and achieve green goals, effectively alleviating the enterprises’ financing constraints (Zhang and Hu, 2023). In addition, through the provision of green financial products and services, digital finance improves the transparency of environmental information, expands green investment and financing channels to widen the difference between risk spillover of green assets and traditional assets, forming a green and low-carbon economic and financial system (Duan et al., 2023).
Consequently, increasing green R&D investment promotes the implementation and application of green R&D results, facilitating the collaborative function of the digital economy in reducing AP and CE. The above analysis lead us to the following hypothesis.
H2. Digital infrastructure, digital literacy of talent, and digital financial support positively moderate the digital economy, improving the ESACG.
Figure 1 presents the framework of the digital economy’s influence the ESACG.
[image: Flowchart illustrating the impact of digital economy on energy efficiency. It shows two pathways: the influence of hard facilities like digital infrastructure and soft environments like digital literacy and financial support. Key processes include industrial structure optimization, energy utilization efficiency, and green technological innovation, with positive and negative effects annotated. The chart emphasizes the need for balance between pathways for effective governance.]FIGURE 1 | Mechanisms analysis of the digital economy affecting the ESACG. Note: The dashed line indicated that the effect was not significantly exerted.
3 METHODOLOGY AND DATA
3.1 Empirical methodology
3.1.1 Benchmark regression model
Pilot zones are mainly concentrated at the provincial level. However, owing to the lack of representativeness of the provincial data and significant differences between provinces, we used municipal data as the research sample. Meanwhile, the traditional DID model applies to the cases in which policies coincide, but the pilot zone policy used in this study uses batches for piloting. Therefore, we employed a multi-period DID model to evaluate whether the digital economy affects the ESACG:
[image: The image shows a mathematical equation: \( efficiency_{yit} = \alpha_0 + \alpha_1 did_{it} + \sum \lambda Control_{it} + \mu_i + \gamma_t + \epsilon_{it} \). This is equation (1).]
Furthermore, the multi-period DID model, although effective in mitigating endogeneity problems in assessing policy effects, cannot remove the selectivity bias of the sample. The combination of propensity score matching (PSM) and DID eliminated this bias:
[image: Mathematical equation depicting efficiency measures. It shows efficiency as a function of various factors: a constant term \(a_0\), a coefficient \(\alpha_1\) multiplied by a variable \(didi_t\), a summation of several control variables, and error terms \(\mu_t\), \(\gamma_t\), and \(\epsilon_t\). The equation is labeled as equation (2).]
where i stands for the city, t represents the year, and efficiencyit is the ESACG of city i in year t; didit indicates a dummy variable denoting the city’s pilot status, and its coefficient α1 reflects the impact of the digital economy on the ESACG in pilot cities. If city i start implementing the policy in year t, didit = 1; otherwise, didit = 0. Controlit is a set of control variables and λ represents its corresponding coefficient; μi and νt indicate the fixed effects of city and time, respectively; α0 stands for the intercept term and εit denotes the stochastic error term.
3.1.2 Intermediary effect model
To examine the potential indirect effect mechanisms of the digital economy on the ESACG, three intermediary variables-industrial structure (lnis), energy utilization efficiency (eue), and green technological innovation (lngti)-were added to the intermediary effects model. Baron and Kenny (1986) proposed the fractional steps method for verifying research hypotheses, and the specific model setup is as follows:
[image: Equation depicting a statistical model: \(med_{it} = \beta_0 + \beta_1 did_{it} + \sum \delta Control_i + \mu_i + \gamma_t + \eta_{it}\), labeled as equation (3).]
[image: Equation representing a model: efficiency subscript y t equals gamma subscript 0 plus gamma subscript 1 did subscript i t plus theta med subscript i t plus the sum of alpha control subscript i t plus mu subscript i plus nu subscript t plus xi subscript t.]
where β0 and γ0 are intercept terms; β1 and γ1 are the coefficients of didit; medit are the mediating variables, including lnisit, eueit, and lngtiit,; and θ denotes their influencing coefficients. δ and φ represent the coefficients of the control variables, whereas ηit and ξit represent the stochastic error terms. μi and νt are the same as above. Equation (3) examines the effect of medit on the ESACG and Eq. 4 simultaneously explores the effect of the digital economy and medit on the ESACG. The intermediary effect model consists of Eqs. (1), (3) and (4). If either β1 or θ is insignificant, further testing of the possible mediating effects using the Sobel test is required.
3.1.3 Moderating effect model
Three interactive terms (did*di, did*lndlt, and did*lndfs) were constructed to evaluate the moderating effects of three moderating factors: digital infrastructure (di), digital literacy of talents (lndlt), and digital financial support (lndfs). The existence of a moderating effect depends on the significance of the coefficient of the interaction term in Eq. 5:
[image: Mathematical equation depicting efficiency as a function of several variables: \( x_0 + x_1 \times did_{it} + x_2 \times mod_t + \phi(did' \times mod_t) + \sum Control_{it} + \mu_t + \gamma_t + \sigma_{it} \) (Equation 5).]
where modit is denoted as diit, lndltit, and lndfsit, respectively. If ϕ is significantly positive or negative, modit is strengthening or weakening the digital economy’s contribution to the ESACG. The remaining variables are outlined above.
3.2 Variable selection
3.2.1 Core explanatory variable: the digital economy (didit)
Sixty-seven cities under the jurisdiction of the provinces, municipalities, and autonomous regions housing big data pilot zones were designated as the treatment group, and the remaining 211 cities were set as the control group. The dummy variable treatmentit in the experimental group was assigned 1; otherwise, it was assigned 0. Combined with the time of the pilot zone establishment, the establishment of pilot cities was set to 2016, except for Guizhou Province, where the policy pilot time was set to 2015. The time dummy variable postit took the value of 1 in the year in which the policy was piloted and in subsequent years; otherwise, it was assigned the value of 0. The policy dummy variable didit was the proxy for this study’s core explanatory variable: the digital economy.
3.2.2 Explained variable: Efficiencyit
The homogeneity of AP and CE has generated many in-depth assessments of their mutual synergistic effects using synergistic control coordinate systems, pollutant cross-elasticity analysis, and coupled coordination models (Alimujiang and Jiang, 2020; Tang et al., 2022). However, the measurement methods involved in most studies start from the absolute amount of emissions reduction and do not consider that regional AP and CE are often the products of multiple factors. Therefore, we calculated the synergistic effects of AP and CE in detail by combining the efficiency scales.
To measure the ESACG more reasonably and accurately, resource consumption, environmental management, and other indicators were selected to form a comprehensive index system (Wu and Guo, 2016; Li et al., 2022) (Table 1). It is worth mentioning how we measured AP and CE: urban CE were obtained by adding CE from electricity, gas and liquefied petroleum gas; transport and thermal energy consumption; and air pollutant emissions normalized by the air pollutant equivalent coefficients specified in the Environmental Protection Tax Act. The specific calculations were as follows.
[image: Equation displaying ΔP equals alpha times Q subscript SO plus beta times Q subscript NO plus gamma times Q subscript PM, labeled as equation six.]
where [image: Q with subscripts indicating sulfur dioxide, nitrogen oxides, and particulate matter: Q_SO2, Q_NOx, Q_PM.] denote the emissions of sulfur dioxide, nitrogen oxides, and soot from urban exhaust gases, respectively, all in units of 10,000 t. [image: Greek letters alpha, beta, and gamma are displayed in a serif font.] represent the equivalent conversion factors corresponding to [image: Text displaying chemical compounds: sulfur dioxide (SO2), nitrogen oxides (NOx), and particulate matter (PM) in a stylized font.] as 0.95, 0.95, and 2.18, respectively.
TABLE 1 | The index evaluation system of the ESACG.
[image: Table of variables with types, names, and meanings. Input indices include investment, population, urban land, water, energy, and governance. Desirable output is GDP. Undesirable outputs are carbon emissions and air pollutants. Prices are based on 2006.]The traditional data envelopment analysis (DEA) models used in the extant literature do not consider variable slackness and angle selection, which leads to an overestimating of efficiency, in addition to external factors and random errors that interfere with the results (He et al., 2023). The SBM-DEA model proposed by Tone (2001) incorporates slack variables directly into the objective function of production, overcoming the problem of ignoring environmental and resource factors when measuring efficiency. An undesirable super-efficiency SBM-DEA model was developed to measure the ESACG using MaxDEA software, as follows: Suppose that the ESACG of n DMUs is measured, denoted as [image: The text shows a mathematical expression representing a Decision Making Unit (DMU) indexed by \( j \), where \( j \) ranges from \( 1 \) to \( n \).], and each DMU has m inputs, denoted as [image: Mathematical expression depicting a sequence of variables, \( x_i \), where \( i \) ranges from 1 to \( m \).], and q outputs, where the desirable outputs are denoted as [image: Mathematical expression showing \( y_r \) for \( r = 1, 2, \ldots, q_l \).] and undesirable outputs are denoted as [image: Mathematical expression showing \( b_t \) with the condition \( t = 1, 2, \ldots, q_2 \).]. Then, the super-efficiency SBM-DEA model for undesirable outputs is as follows:
[image: Mathematical expression for minimizing rho. Numerator: one plus the sum from i equals one to m of s-sub-i divided by x-sub-ik, all divided by m. Denominator: one minus the reciprocal of q1 plus q2 times the sum of s-r-plus divided by y-rk from r equals one to q1, plus the sum of s-t-minus divided by b-tk from t equals one to q2.]
[image: A mathematical optimization model with constraints and a condition. Constraints include three summations involving variables \(x_{ij}\), \(s^-\), \(y_{rj}\), \(s^+\), and \(b_{ij}\), with indices \(j\), \(i\), and \(r\). The condition ensures an expression involving \(q_1\), \(q_2\), \(s^+\), \(y_{ik}\), \(s^-\), and \(b_{rk}\) is greater than zero. Parameters \(λ\), \(s^+\), and \(s^-\) are non-negative, and indices include \(i = 1, 2, \ldots, m\); \(r = 1, 2, \ldots\); \(j = 1, 2, \ldots, n\) with \(j \neq k\).]
where ρ is the ESACG of DMU and [image: Variables \( s_i^-, s_r^+, \) and \( s_t^{b-} \), each with different superscripts and subscripts, are displayed.] are the slack variables of inputs, desirable outputs, and undesirable outputs, respectively.
3.2.3 Mechanism variables
Mediating variables. Because secondary industries are highly polluting, a reasonable and advanced industrial structure effectively improves the ESACG. Industrial structure (lnis) was measured using the natural logarithm of secondary industry value-added as a percentage of GDP (Tang et al., 2022), a negative indicator. Energy intensity represents the energy cost required to obtain a unit of GDP accurately and directly. Therefore, energy intensity was commonly used to measure a region’s energy utilization efficiency (eue) (Xue and Zhou, 2022), with the inverse of the energy intensity serving as a proxy variable. The level of green technological innovation (lngti) was measured by the number of green patent applications in each city obtained by searching the green patent classification codes published by the World Intellectual Property Organization (Liu and Dong, 2020).
Moderating variables. The level of digital infrastructure (di) was expressed as a composite index obtained by applying the entropy weight method to the percentage of employees in the information transmission, software, and computer services industries; the total amount of telecommunication services per capita; the number of Internet broadband access subscribers per 100 people; and the number of cell phone subscribers per 100 people (Wen and Zhong, 2022). The number of university students per 100,000 residents in the area was employed to measure the digital literacy of talent (lndlt) (Eshet, 2004). The proxy variable for digital financial support (lndfs) was the Digital Inclusive Finance Index provided by Peking University’s Digital Finance Research Center (Guo et al., 2020).
3.2.4 Control variables
The following variables that affect the ESACG were considered to mitigate the bias introduced into the empirical study by the omitted variables. The logarithm of GDP per capita defined the level of economic development (lnedl) (Yin et al., 2015). The logarithm of year-end people per unit of administrative region was employed to calculate population density (lnpd) (Liu et al., 2021a). The ratio of real foreign investment to GDP was used to measure foreign direct investment (fdi) (Li et al., 2018). The ratio of general fiscal budget revenue to general fiscal budget expenditure was used to measure the degree of fiscal decentralization (fdd) (Yao et al., 2020). The percentage of the city’s resident population with an undergraduate degree or higher was used to calculate human capital (hc).
3.3 Data sources
Given the availability and uniformity of data, panel data from 278 cities from 2006 to 2019 were chosen for quantitative estimation. The number of green patent applications was obtained from the State Intellectual Property Office2. The Digital Inclusive Finance Index was obtained from the Digital Finance Research Center of Peking University3. The list of each policy pilot was obtained from official documents or websites issued by the State4. Other original city data were mainly obtained from statistics such as the China City Statistical Yearbook, China Regional Economic Statistical Yearbook, China City Construction Statistical Yearbook, China Statistical Yearbook, and statistical bulletins of each city5. A linear interpolation method was applied to fill in any missing data. In addition, all economic variables involving prices were treated as constant, with 2006 as the base period. Continuous variables were subjected to 1% and 99% tailings on both sides to exclude interference from extreme values. Table 2 presents the variables’ descriptive statistics.
TABLE 2 | The descriptive statistics of variables.
[image: Table displaying variables, definitions, observations, mean, standard deviation, minimum, and maximum values. Variables include efficiency, did (digital economy), lnis (industrial structure), and others. Observations are mostly 3,892, with varying means and ranges. Note: Mean in natural logarithm.]4 EMPIRICAL RESULTS AND FURTHER DISCUSSION
4.1 Benchmark regression results
We gradually added time and city two-way fixed effects and control variables to eliminate the impact of individual and temporal differences. Parallel to this, the PSM-DID estimation method based on radius matching was further adapted for robustness testing to overcome the synergistic differences in the trend in changes among pilot cities and other cities and to reduce the estimation bias of the DID method. The results are shown in Columns (3) and (4) of Table 3. According to the DID estimation results presented in Columns (1) and (2) of Table 3, with or without the control variables, the digital economy improved the ESACG at the 1% significance level, which is consistent with H1. The PSM-DID estimation results shown in Columns (3) and (4) of Table 3 confirm the benchmark regression results and illustrate the importance of the synergistic governance impact of the digital economy on AP and CE.
TABLE 3 | The impact of the digital economy on the ESACG.
[image: A table presents regression results across four models with the dependent variable "Efficiency." Significant variables include "did" with consistent positive coefficients and significance across models, and "hc" in some models. Other variables show varied coefficients. Observations and R-squared values differ slightly across models. Note specifies t-statistics are in parentheses with significance denoted by asterisks.]The above results are consistent with the finding of Hong (2023) that the development of the digital economy in Chinese cities had a significant pollution and carbon reduction effect, and the conclusions of Zhang and Ran (2023) and Bu et al. (2023) that the establishment of the pilot zone reduced AP and CE, respectively, which is in line with the theoretical expectation that the digital economy enhanced the effectiveness of collaborative governance. The reason for this is that big data pilot zones have a sound digital infrastructure, which provides technical support for various types of environmental monitoring tools, realizes the information linkage of environmental sectors and forms a more efficient environmental governance model, thus promoting the synergistic process of urban pollution and carbon reduction.
4.1.1 Parallel trend test results
The treatment and control groups must adhere to the parallel trend hypothesis in which there is no discernible difference in the ESACG, which is a prerequisite for adopting the multi-period DID model. Considering that the pilot policy was implemented in batches, the event study method was adopted to examine the time trend of the digital economy’s impact on the ESACG. The results of the parallel trend test showed that, before policy implementation, the estimated coefficients essentially fell around 0, and the upper and lower limits of the confidence intervals both contained 0, indicating that the parallel trend hypothesis was satisfied.
4.1.2 Placebo test results
The placebo test utilizes a nonparametric permutation test to prevent estimate bias due to omitted explanatory variables (Lu et al., 2021). A non-replicated random sampling method was used to generate a list of pilot cities in a comprehensive big data test area. The estimated probability density distribution of the coefficients obtained after 500 replicate regressions indicated that the distribution of the estimated coefficients was approximately around one and normal. The benchmark regression coefficient (0.0634) fell in the low tail of the probability density distribution, indicating that other unobserved factors did not influence the synergistic reduction effect of the digital economy.
4.1.3 Robustness test results
The robustness tests included excluding other policies, lagging the explanatory variables by one period, excluding special cities, and considering multi-period DID method weight heterogeneity. Tables 4–6 present the specific findings of the robustness tests.
TABLE 4 | Robust results of excluding other policies.
[image: Table showing regression results for four models (labeled 1 to 4) with efficiency as the dependent variable. Key variables include did, bd, sc, ap, et, lc, cet, and _cons, each with respective coefficients and t-values. Controls, city fixed effects, and year fixed effects are accounted for in all models. Observations equal 3,892 across all models with R-squared values ranging from 0.0731 to 0.0783. Significant coefficients are marked with stars to indicate significance levels.]First, the synergistic impacts of the digital economy on AP and CE may be over- or underestimated because of the possibility that other digital, environmental, and low-carbon policies in the same area and time frame influence the ESACG. Hence, six representative pilot policies in the three policy categories were re-estimated as policy dummy variables in the baseline regression model, including “Broadband China Pilot Policy” (bc), “Smart City Pilot Policy” (sc), “Air Pollution Prevention and Control Action Plan” (ap), “Sulfur Dioxide Emission Trading Pilot Policy” (sdet), “Low-carbon City Pilot Policy” (lc), and “Carbon Emissions Trading Pilot Policy” (cet). Table 4 presents the empirical results, which demonstrate that all regression coefficients were significantly positive at the 1% level when considering other policy considerations, sequentially or simultaneously. In other words, the driving influence of the digital economy on the ESACG continued after eliminating other policy shocks.
Second, to exclude the effect of different time trends faced by cities in the treatment and control groups prior to the establishment of the experimental area, joint city and time fixed effects were added to the model to better control for the interference of factors that changed over time for each city sample, as shown in Column (1) of Table 5. Third, the explanatory variables were lagged by one period before being empirically estimated to account for the possibility that the pilot zone did not have an immediate influence due to the time-leg effect and to avoid joint equation bias, as shown in Column (2) of Table 5. Finally, special cities were excluded from the analysis. Regarding the synergistic reduction in AP and CE, cities with greater administrative levels tended to have more onerous restrictions, stricter constraints, and heavier governance, which may have affected the baseline results. Therefore, as indicated in Column (3) of Table 5, the regressions were conducted again after excluding the city samples corresponding to municipalities, provincial capitals, and planned cities. The core explanatory variable’s coefficients were all positive and significant at the 1% level in the regression results after the above treatment, indicating the robustness of the digital economy’s driving effect on the ESACG.
TABLE 5 | Other robust results.
[image: A table comparing three models with variables did, _cons, and controls. Model (1) uses joint fixed effects with did at 0.1632. Model (2) shows lag one period with did at 0.0603. Model (3) excludes special cities with did at 0.0711. Each model includes controls, city FE, and year FE. Observations are 3,892, 3,614, and 3,402 respectively, with R² values of 0.0490, 0.0835, and 0.0730.]Finally, when groups are treated at various times, the traditionally estimated coefficients are viewed as the weighted average sum of the treatment effects across the treated samples at each time point, which may be negatively weighted, leading to a weak regression result. We drew on the methodology of Chaisemartin and D’ Haultfoeuille (2020) to calculate the share of negative weights and found no such share; therefore, the results of the benchmark regression can be considered robust. After the treatment effect test, which considered the heterogeneity of the multi-period DID method (Gardner, 2021; Sun and Abraham, 2021), the results in Table 6 show that the coefficient of the core explanatory variable was still significantly positive, and the benchmark regression result was reliable.
TABLE 6 | Multi-period DID heterogeneity treatment effect test.
[image: Table displaying statistical data with columns: Estimate, SE, LB CI, UB CI, N, and Switchers. The values for these columns are 0.0619, 0.0072, 0.0478, 0.0759, 552, and 67, respectively, under an "Effect" row.]4.2 Intermediary and moderating effect analysis
4.2.1 Transmission mechanisms of the digital economy on the ESACG
A three-step approach was applied to verify the transmission mechanisms of the digital economy affecting the ESACG. The empirical results of the final two steps, which correspond to Eqs. 3, 4, are shown in Table 7. As at least one of the coefficients β1 and θ corresponding to the three mediating variables were insignificant, the Sobel test was applied to identify possible mediating mechanisms (Table 8).
TABLE 7 | The impact mechanisms of the digital economy on the ESACG.
[image: A table displaying regression results across six models. Each model has variable columns including Lnis, Efficiency, Eue, and Lngti. Key statistics and coefficients are given, such as "did" with 0.0635*** for Efficiency and "-0.1122*" for Lngti. Controls, city fixed effects (FE), and year FEs are applied across models, with consistent sample size (3,892 observations) and varying R-squared values. Coefficients are reported with t-statistics below them in parentheses.]TABLE 8 | Sobel test results of the impact mechanisms.
[image: Table showing results from a Sobel test for three variables: lnis, eue, and lngti. For lnis, the coefficients are -0.0996 and -0.0267, with z-values -6.61 and -2.95, p-values 0.0000 and 0.0032. Indirect effect is 0.0027, z-value 2.69, p-value 0.0071. For eue, coefficients are 0.0251 and 0.1254, z-values 2.92 and 7.96, p-values 0.0035 and 0.0000. Indirect effect is 0.0031, z-value 2.74, p-value 0.0062. For lngti, coefficients are 1.0300 and 0.0047, z-values 10.13 and 3.51, p-values 0.0000. Indirect effect is 0.0048, z-value 3.32, p-value 0.0009.]In the source management stage, the mediating variable of industrial structure corresponded to a Sobel test value of 0.0071, indicating that the digital economy improved the ESACG through industrial structure optimization, which was consistent with the findings of Henry (2023) and H1a. This may be because China’s energy consumption is mainly concentrated in high-energy-consuming industries in the polluting and carbon-emitting sectors. By significantly reducing the share of secondary industry, particularly heavy industries, the digital economy helps promote the transition to a low-carbon green industry, affecting the synergistic reduction in AP and CE. The digitization of heavy industry should be accelerated to reduce its environmental footprint and industrial policies should be rationally formulated to guide the industry’s sustainable development.
During process control, the Sobel test value corresponding to the mechanism of energy utilization efficiency was 0.0062, which indicates that improving energy utilization efficiency played a role in the digital economy’s impact on the ESACG, verifying H1b. The study of Contini et al. (2023) found that digital technology improved energy utilization efficiency in the industrial production process to realize the effect of pollution and carbon reduction, supporting the finding of this paper. This may be because the digital economy connects economic agents with lower transaction costs, achieves precise matching of market supply and demand, optimizes global resource factor allocation, and reduces unnecessary energy efficiency losses to improve energy utilization efficiency. Enhancing energy utilization efficiency is essential for achieving synergistic AP and CE reductions. We should vigorously promote the digitization and intelligence of energy systems; formulate policies to support the research, development, and application of energy efficiency enhancement technologies; and establish an assessment mechanism linking energy efficiency and pollution emissions to fully tap the emissions reduction potential of energy efficiency enhancement as a pathway.
In the end-blocking stage, the mediation test for the channel of green technological innovation corresponded to a p-value of 0.0009, which shows that green technological innovation partially mediated the synergistic reduction in AP and CE in the digital economy, confirming H1c. The finding of Kurniawan et al. (2022) that digital technology promoted green innovation and a circular economy to achieve the end-of-pipe governance was similar to our result. Owing to China’s long-standing crude economy and high share of energy-intensive industries, clean pollutant recovery technologies cannot fully absorb residual pollutant emissions. The digital economy makes it possible for businesses to lower their barriers to entry for green technological innovation, unleashing their incentive for green technological innovation, which sparks the development of better pollution control and carbon management technologies, thus boosting the ESACG. To make full use of green technological innovation to reduce emissions, China should increase financial support for environmental technological innovation; establish a green technological intellectual property protection system; and strengthen green technological cooperation between enterprises, universities, and scientific institutes.
Through the above analysis, the shared path for the digital economy to exert the synergistic effect of AP and CE lied in the whole chain of energy saving and emission reduction initiatives of source management, process control, and end blocking within the city. However, Sun and Deng (2022) found that environmental policies only inhibited CE in source prevention and process control, which was at odds with our findings. This may be because environmental policies are more concerned on administrative control and punishment, with limited incentives for corporate technological innovation and a greater emphasis on aggregate control; however, big data pilot zones provide better digital technology support and incentives to promote green technological innovation (Yuan and Pan, 2023), and digital technology governance is characterized by fine-grained, dynamic optimization, achieving more efficient end-of-pipe emissions reduction.
4.2.2 Moderating effects of the digital economy on the ESACG
To further examine the possible moderating effects of cities’ “hard facilities” and “soft environment” in the digital economy-driven ESACG process, we introduced interaction terms between the policy variable didit and the moderating variables and observed the significance of the corresponding coefficients to determine the moderating effect. The regression results are presented in Table 9.
TABLE 9 | The moderating mechanisms of the digital economy on the ESACG.
[image: Regression table showing three models with the dependent variable "Efficiency." Key coefficients: did (0.0557, -0.0577, -0.8441), di (-0.2382), did*di (0.0547), ln dlt (0.0066), did*ln dlt (0.0103), ln dfs (-0.0183), did*ln dfs (0.1626). Constants and R-squared values are given, with controls, city, and year fixed effects indicating "Yes." Observations for models are 3,892, 1,919, and 2,502. Significance levels indicated by asterisks.]The results in Column (1) of Table 9 show that the coefficient of the interaction term (did*di) between the digital economy and digital infrastructure failed the significance test, in line with the theory of scale economics and cost-benefit analysis. While digital infrastructure is beneficial in guiding industries toward intensive green development and achieving intelligent and efficient environmental governance, the manufacture and use of new digital facilities also exacerbates the dependence on fossil energy in the electricity and basic materials sectors (Sadorsky, 2012; Park et al., 2018), which is detrimental to the synergistic AP and CE reduction in cities. In parallel, antiquated traditional infrastructures aggravate environmental pollution (Higón et al., 2017). These two effects cancel each other out, indicating that digital infrastructure cannot significantly enhance the digital economy’s impact on the ESACG. Therefore, to guide its sustainable transformation, it is necessary to promote the transition from digital infrastructure to renewable energy, improve the recycling systems of digital facilities, and strengthen regulations that eliminate pollution from traditional infrastructure.
The results in Column (2) of Table 9 show that the coefficient of the interaction term (did*lndlt) between the digital economy and digital literacy of talent was significantly positive, indicating that digital literacy has a positive moderating influence on the digital economy, taking on a synergistic role in reducing AP and CE, in line with H2 and the theory of human capital. Digital literacy of talent enhances the acquisition of digital technological knowledge. As regional talent’s digital knowledge and skills continue to improve, they ensure that the digital industry’s development demand for human capital is met and that the ESACG-driven effects of the digital economy are more fully realized. To provide solid human capital support for the development of the digital economy, the government should increase the cultivation of digitally skilled talent, encourage enterprises to conduct digital skills training for employees, and improve evaluation and incentive mechanisms for digital talent to create a favorable digital learning environment.
The results in Column (3) of Table 9 show that the coefficient of the interaction term (did*lndfs) between the digital economy and digital financial support was significantly positive, demonstrating that digital financial support reinforces the positive impact of the digital economy on the ESACG, supporting H2. A possible reason for these results is that the diversified financing channels offered by digital financial support provide funding for enterprises’ green innovation R&D, which stimulates their motivation for green technological innovation. Additionally, digital finance effectively reduces enterprises’ financing costs owing to its inclusive nature, ensuring that they have sufficient funds to absorb and apply green innovation technologies that are advantageous for synergistic AP and CE reduction. In general, digital financial support to play a reinforcing role is mainly realized through two mechanisms of providing financial support and reducing transaction costs, which is consistent with the theory of information economics and transaction cost of digital finance. Thus, the way to employ the moderating role of digital finance is for the government to formulate preferential policies to reduce the financial costs of green innovative enterprises, establish green credit policies and standards to guide the flow of funds to green industries, and encourage financial institutions to innovate green financial products. Digital collaborative governance models between enterprises and financial institutions should be promoted to facilitate sustainable corporate financialization in response to corporate financialization crises caused by climate uncertainty (Ren et al., 2023).
In summary, the strengthening effects of regional “soft environment” are consistent with its supporting role for the development of digital economy industry, in line with the theoretical expectations of this paper; however, the empirical conclusion that regional “hard facility” fail to play a reinforcing role is not in keeping with the mainstream view that digital infrastructure reduce AP and CE, which enriches the application of theories of scale economics and cost-benefit analysis in the field of digital emissions reduction. The reason may be related to the carbon rebound effect of digital infrastructure construction proposed by Lan and Zhu (2023).
4.3 Heterogeneity analysis
Whereas the traditional linear regression model focuses on the average treatment effect of the policy, the GRF model can estimate individual treatment effects as well as the average treatment effect of the policy. Figure 2 shows the distribution of the estimation treatment effects. The figure shows that the individual treatment effects were scattered between −0.1 and 1.1, with most of them concentrated around 0.1, indicating that the digital economy has significant differences in affecting the ESACG. The heterogeneity of treatment effects in the sample was tested using the optimal linear prediction method proposed by Chernozhukov et al. (2018). According to the results of the heterogeneity test (see Table 10), the average treatment effects were significantly positive. When not clustered, the differential coefficient was significantly positive, indicating heterogeneity of the synergistic reduction effects. As a result, the impacts of heterogeneity on the experimental zone type, potential for synergistic emissions reduction, and urban resource endowments were determined.
[image: Histogram showing the frequency distribution of the estimated average treatment effect, with values ranging from 0 to 1.5 on the x-axis. Frequency peaks around 0.3 on the y-axis before gradually decreasing.]FIGURE 2 | The distribution of treatment effects of the digital economy on the ESACG.
TABLE 10 | Heterogeneity test.
[image: Table comparing two models on efficiency. Column one shows averages of 1.5877 and differentials of 2.2433 with no cluster. Column two shows averages of 0.8587 and differentials of 0.2733 with clustering. Both use the GRF model with N equals 3,892. Note states the average effect was estimated using the generalized random forest model.]4.3.1 Heterogeneity analysis of the experimental zone type
The integrated big data pilot zones were divided into pioneering pilot zones (Guizhou Province), cross-regional pilot zones (Beijing-Tianjin-Hebei and Pearl River Delta), regional demonstration pilot zones (Shanghai Municipality, Henan Province, Chongqing Municipality, and Shenyang City), and big data infrastructure-integrated development pilot zones (Inner Mongolia). Because the four types of pilot zones have different functional positioning and focus, which may differentiate the digital economy’s impact on the ESACG, cities belonging to different categories of pilot zones were analyzed along with other non-test zone cities to form experimental and control group.
The empirical results in Table 11 show that the digital economy had a significant impact on improving the ESACG in the cross-regional and regional demonstration pilot zones, and the promotion effect was more pronounced in the regional demonstration pilot zones than in cross-regional ones; however, the construction of the pioneering pilot zones dampened the ESACG, and its impact on the ESACG in big data infrastructure-integrated development zones was insignificant. These findings are different from what was expected: pioneering pilot zones were expected to have a positive impact on enhancing the ESACG due to their emphasis on cutting-edge innovations in the digital economy. It is possible that the rapid expansion of big data infrastructure has harmed the environment because the pioneering pilot zones have overemphasized digital technological innovation and neglected the supporting work on pollution and carbon reduction, and that emissions reduction policy and regulation have not been perfected. Big data technology improved resource utilization efficiency, so the establishment of a infrastructure-integrated development pilot zone was expected to have a positive effect on emissions reduction. The positioning of such pilot areas indicates they should strengthen their green and intensive development based on the full use of regional energy and climate conditions. However, the current situation of the Inner Mongolia Autonomous Region’s overreliance on the resource-consuming development model and disproportionate economic output has obscured the driving effect of the digital economy on the ESACG. Conclusions obtained in the cross-regional and regional demonstration pilot areas were in line with theoretical expectations. Because cities in these two pilot zones have better digital infrastructures, deeper integration of big data applications with traditional industries, and innovative ecological construction of big data industry services, enabling them to better balance the development of green and digital industries. Cross-regional pilot zones are often not limited to the province in which they are located but are intended to reach neighboring provinces and the entire country. By contrast, regional demonstration pilot zones can better develop policy systems and regulations tailored to the region’s conditions; therefore, the policy dividend effect of establishing regional demonstration pilot zones is more significant than that of other zones.
TABLE 11 | Heterogeneity analysis of the experimental zone type.
[image: Table displaying regression analysis results for four models labeled Pioneering, Cross-regional, Regional demonstration, and Big data infrastructure-integrated. Key variables include 'did' with coefficients: -0.0352**, 0.0705***, 0.0894***, and 0.0277, and '_cons' coefficients: 0.6455, 0.2831, 0.6905, and 0.6875. All models include controls, city FE, and year FE. The number of observations for each model are 3,010; 3,430; 3,234; and 3,080 respectively, with R-squared values of 0.0242, 0.0661, 0.0310, and 0.0200. Standard errors are provided below coefficients in parentheses.]The most relevant literature only divides the test area into two batches for heterogeneity analysis (Geng et al., 2023), and our subdividing them into four categories for heterogeneity test, which is a new perspective and direction that has not yet been covered by the exiting literature, providing a new idea of category division and a research framework for the future assessment study of the pilot area. Based on this, pioneering pilot zones should optimize the layout of digital infrastructure and strengthen the environmental impact assessment of projects to prevent the adverse environmental effects of digital construction. Cross-regional pilot zones should enhance resource sharing and complementarity, promote the development of digital coordination among regions, and build regional cooperation mechanisms for digital environment governance. Regional demonstration pilot zones can develop the digital economy in conjunction with local characteristics and explore the best pathways for coordination between digitization and greening within the region. Big data infrastructure-integrated development pilot zones must change their development model, leverage their location and resource advantages to promote green digitization, and establish a unified mechanism for assessing and monitoring the digital environment’s impact to explore effective paths for digital green transformation in the region.
4.3.2 Heterogeneity analysis of the potential for synergistic emissions reduction
Variances in the potential for synergistic emissions reduction cause the policy dividend of the digital economy to influence the pilot regions differently because there are considerable differences in the degree of government governance among regions. The quantile DID method was adopted to explore the differential impact at various ESACG levels, and the results are presented in Table 12.
TABLE 12 | Heterogeneity analysis of the potential for synergistic emissions reduction.
[image: Table displaying regression results for different percentiles (Q10, Q25, Q50, Q75, Q90) of the ESACG. Each column shows coefficients and t-values for variables "did" and "_cons". "did" values range from 0.0157 to 0.0670, with significance levels indicated by asterisks. "_cons" values range from 0.0677 to 0.1278, all significant. Controls, City FE, and Year FE are included, and R-squared values range from 0.0894 to 0.1384. Note indicates "Q" is the percentile of ESACG.]The panel quantile regression test found a positive effect of the digital economy on the ESACG between the 25th and 90th quantiles, with the strength of the effect increasing and then decreasing in an approximately asymmetric inverted “U” shape, with the maximum effect at the 50th quantile. However, the digital economy had no significant impact on the ESACG in cities in the 10th quantile, possibly because the regions with low ESACG need to transform their industrial sectors, foster new industries, and reduce their reliance on traditional industries. This, coupled with an inadequate synergistic governance mechanism, lowers the intrinsic motivation of local government to reduce AP and CE. By comparison, the regions in the remaining quantiles have a relatively good foundation for synergistic governance, providing room for exploring digital resources to empower synergistic AP and CE reduction. Therefore, for regions where the ESACG is located between the 25th and 90th quantiles, we can further explore ways to digitally empower them, advocate for and support emerging technology enterprises to carry out innovative practices, develop more digital technologies related to emissions reduction, and strengthen the cultivation and exchange of talent, thus promoting the in-depth integration of the digital economy and emissions reduction industries. Regions with ESACG in the 10th quantile must learn from the advanced paradigm of green digital development, increase support for industrial sector transformation and the cultivation of emerging industries, and establish a government-guided fund to subsidize and support local enterprises in implementing green technology reforms and innovations, helping them break away from their dependence on traditional industries.
In fact, the heterogeneity analysis of the potential for synergistic emissions reduction differs from the expected result that the synergistic effect of pollution and carbon reduction in the digital economy improves with the increase of ESACG quantiles. Hu (2023) used a quantile regression model and found that the pollution reduction effect of the digital economy is characterized by increasing marginal effect and the marginal effect of its carbon reduction is not obvious, which is at odds with our conclusions. This may be because the inverted “U” shape is more in conformity with the law of diminishing marginal effects of the digital economy, where the absorption effect of digitization and the room for improvement are greatest at medium levels of the ESACG, while there is limited room for improvement at high levels, and insufficient absorptive capacity at lower levels. Our findings are consistent with the idea that the level of governance matches the absorption effect of digitization and provide new evidence of the diminishing marginal effect of the digital economy.
4.3.3 Heterogeneity analysis of urban resource endowment
Because resource endowment differences in the economic base, human capital, and technology innovation among cities stimulate national output growth to varying degrees (Inuwa et al., 2023), it was necessary to further explore the synergistic effects of the digital economy on the ESACG in different cities with different resource endowments. The importance ranking results show that the two factors most crucial in influencing synergistic AP and CE reduction were the levels of economic development and technological innovation, as indicated by GDP per capita and the number of patent applications, respectively. Figure 3 illustrates the relationship between the two essential variables and the ESACG.
[image: Two line graphs depict the conditional average treatment effect. The left graph shows the effect against levels of economic development, ranging from zero to one hundred fifty thousand. The right graph displays the effect against levels of technology innovation, ranging from zero to two hundred fifty thousand. Both graphs illustrate lines fluctuating within specific ranges, indicating variability in effects across different levels of economic and technological development.]FIGURE 3 | Heterogeneity analysis of urban resource endowment.
The figure on the left reveals a significant increase in ESACG returns to the digital economy as economic development levels increase. Among the less-developed regions in China, where economic development is less than RMB 25,000, digital economy development had the least driven impact on the ESACG. The economic development in these cities is often accompanied by significant energy consumption, resulting in little synergistic emissions reduction from the digital economy. At an economic development level of approximately RMB 50,000, ESACG returns from digital economy development in developed regions reached their peak and then stabilized. This is because the marginal benefits diminish when economic development reaches a certain level. The reduction in energy consumption intensity gradually decreases without major industrial changes or technological innovation, and the impact then tapers (Mirza and Kanwal, 2017). In less-developed areas, infrastructure inputs must be increased and network coverage and utilization should be improved to provide good basic conditions for developing the digital economy. Simultaneously, it is necessary to develop a distinctive digital economy based on local conditions to drive the economic level up through industrial upgrades. In regions with medium-to-high levels of economic development, it is necessary to continue to promote the deep integration of digital technology with traditional industries for industrial transformation and upgrading and to establish a sound digital environmental governance system. Furthermore, interregional digital infrastructure connectivity should be strengthened to prevent the widening of the digital divide between the two types of regions, and the sharing of digitization results should be promoted to achieve collaborative cross-regional governance.
The figure on the right demonstrates that cities with greater technological innovation are conducive to unlocking synergistic reduction effects. This reasoning comes from the nature of the digital economy, which is embedded in technological innovation and dictates that its development level and quality are limited by the local innovation capacity. Establishing big data pilot zones in cities with high levels of technological innovation can encourage the emergence of new digital businesses and technologies, thereby releasing larger synergistic reduction benefits for AP and CE. The positive impact of technological innovation in cities plateaued after rapid growth, as the diffusion of new technological innovation had a certain time lag. The key to fully unleashing the synergistic effects of the digital economy to reduce AP and CE lies in the continuous promotion of technological innovation. Therefore, we should invest in scientific research; build a suitable mechanism for cooperation between industry, academia, and research; formulate policies to support digital innovation; and focus on developing environmentally friendly digital technologies. We should establish a linkage assessment mechanism between technological innovation and environmental benefits, continuously conduct digital innovation experiments, and form a virtuous cycle of technological innovation and emissions reduction.
5 CONCLUSIONS AND POLICY RECOMMENDATIONS
5.1 Conclusions
Using panel data of 278 prefecture-level cities from 2006 to 2019, the SBM model was adopted to calculate the ESACG, and multi-period DID and PSM-DID models were adopted to empirically examine the effect of the digital economy on the ESACG, with the establishment of the National Big Data Comprehensive Pilot Zone as a proxy variable. Intermediary and moderating effect models were introduced to explore pathways and moderating mechanisms. Moreover, the quantile DID method and GRF model were used to analyze the differential impact of the digital economy on the ESACG. The main findings of this study are as follows: 1) Developing the digital economy significantly increased the ESACG. This finding held after several robustness tests. 2) The digital economy promoted the ESACG by optimizing the industrial structure in source management, improving energy utilization efficiency in process control, and facilitating green technological innovation in end blocking. 3) The digital literacy of talent and digital financial support strengthened the enhancing effect of the digital economy on the ESACG, while the strengthening effect of digital infrastructure was insignificant. 4) The digital economy had a significant impact on improving the ESACG in pilot cities in the cross-regional and regional demonstration pilot zones; however, it inhibited the ESACG in pilot cities in the pioneering pilot zones, and the impact on pilot cities in the big data infrastructure-integrated development pilot zone was insignificant. 5) The digital economy positively impacted the ESACG between the 25th and 90th quantiles, and the impact intensity increased then decreased in an asymmetrical inverted “U” shape, with the greatest impact at the 50th quantile. However, the effect of the digital economy on cities in the 10th percentile of ESACG was insignificant. 6) The ESACG returns to the digital economy significantly increased as economic development and technological innovation levels increased, and their effects tended to level off.
5.2 Policy recommendations
Based on the above findings, some policy implications can be drawn: First, China should continuously and intensively promote the construction of existing pilot zones and the critical role of big data technology in all aspects of environmental governance. Pilot cities should focus on improving data-sharing mechanisms and enhancing their capacity for urban environmental monitoring and information sharing. Cutting-edge technologies, such as digital twins and artificial intelligence, can be used to establish a sophisticated environmental management system that fully unlocks the coordination of reducing pollution and CE during the development of the digital economy by optimizing the industrial structure and enhancing energy efficiency. Simultaneously, pilot cities should increase green R&D subsidies and promote the research and promotion of pollution treatment and remediation technologies to strengthen the application of green technological innovation in the construction of pilot zones. China should provide full play to the vital role of green technological innovation in the end link, such as post-pollution control, and realize the whole process of environmental management from source management and process control to data driven end blocking, thus improving the ESACG of the pilot cities comprehensively. Second, it is important to summarize the successful experiences of existing pilot zones and steadily expand the coverage of the test areas. If the existing conditions for the declaration of the National Big Data Comprehensive Pilot Zone are met, the government should appropriately increase the environmental performance assessment criteria and optimize the screening mechanism for pilot zones to select more exemplary and representative pilot areas. A new round of pilot construction should be carried out in areas with challenging environmental governance tasks and good digital infrastructure, while considering the differences in the level of economic development and technological innovation in different regions. The selection of pilot areas requires adequate consideration of the talent and financial element guarantees, prioritizing the coverage of regions with strong digital talent resources and support from financial institutions from the green digital economy. When expanding the area covered by the pilot zone, attention should be paid to leveraging the lessons learned and promoting the formation of a replicable and scalable model for digital emissions reduction. Finally, China should promote differentiated and precise governance strategies and categorize and guide the construction and promotion of pilot zones. Cross-regional and regional demonstration pilot zones will further enhance data networking sharing and establish a joint interregional responsibility assessment mechanism for emissions reduction targets to realize the demonstration effects of regional governance. Pioneering pilot zones should improve infrastructure construction planning, rationalize the layout of digital infrastructure, avoid blind construction and duplication, optimize urban digital management modes, and monitor the environmental impact of big data applications throughout the entire process to reduce the adverse effects of policy pilots on the effectiveness of emissions reduction. Big data infrastructure pilot zones should fully use their regional advantages, increase resource integration efforts, and strengthen cross-regional cooperation with the eastern and central regions’ industries, talent, and application advantages, thereby realizing green-intensive development. In addition, key supervision should be implemented for pilot zones with low ESACG and resource support should be increased to enhance the autonomous governance capacity of such pilot zones. China should promote the successful model experiences of the pilot zones by considering local realities and continue to encourage the pilot zones to deepen their reform and innovation to promote the in-depth integration of digitization tools with pollution and carbon reduction governance.
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Global value chains (GVCs) involve production and distribution cooperation as well as pollution redistribution. With the increasing frequency of global trade activities and the growing problem of environmental pollution, the impact of GVC participation on environmental pollution has attracted considerable academic attention. In this study, a dynamic panel Gaussian mixture model was constructed using data from several databases, including Chinese industrial enterprise pollution emission and customs data from 2005 to 2013. We found that the degree of GVC participation of enterprises and pollution emission show a non-linear inverted U-shaped relationship. This indicates that the pollution emissions of enterprises increased and then decreased as the degree of GVC participation increased. We constructed separate models for the effects of output upstreamness and input downstreamness on pollution emissions and found that upstreamness is negatively related to pollution emissions, with the upstream economic components of GVC (such as technology research and development, international marketing, and key component manufacturing) producing emission reduction effects. Downstreamness, on the other hand, is positively correlated with emissions, which means that the downstream economic components of the GVC (e.g., processing, assembly, and production of non-critical components) will increase emissions. Based on the second finding, we proposed that the inverted U-shaped relationship is the result of the combined influence of upstream and downstream participation and confirmed this hypothesis by constructing a multiple mediating effects model. This study will help enterprises consciously implement environmental protection measures and broaden the scope of research on the environmental impact of GVCs, providing a broader segmented research perspective on the degree of participation in GVCs and the environmental performance of exporting enterprises, and guiding governments to formulate more effective industrial policies for foreign trade and promote better environmental performance of enterprises.
Keywords: GVC participation path, output upstreamness, input downstreamness, non-linear relationships, multiple mediating effects

1 INTRODUCTION
From the creation of the United Nations Framework Convention on Climate Change to the implementation of the Kyoto Protocol, and finally to the entry into force of the Paris Agreement, the world’s determination to combat climate change is evident. With the development of communication and transportation technologies, the division of labor patterns in global value chains (GVCs) has brought opportunities and challenges for international emission reduction. Developed countries participate in the division of labor in GVCs through high-end segments, such as R&D and design, while allocating manufacturing segments, such as processing and assembly, to developing countries. Simultaneously, developing countries can learn from the advanced technology and management experience of developed countries to improve their energy efficiency and reduce pollution emissions. The relationship between GVC integration and a country’s pollution emissions has been debated, and the Chinese experience provides a wealth of evidence for answering this question. First, China is the largest developing country in terms of global trade, and has become increasingly embedded in GVCs. China’s GVC participation increased from 29.55% in 1990 to 44.49% in 2018 (Shao, 2021a). Second, the role of Chinese companies in GVCs is gradually changing from being downstream production manufacturers to being upstream suppliers, with an increasing international division of labor (Sudani, 2020), which has an important impact on the environmental effects of China’s participation in GVCs. Finally, as environmental issues, such as PM2.5, become more acute, Chinese residents are becoming more concerned about environmental pollution. The Chinese government attaches great importance to pollution prevention and control and has pledged to achieve carbon peaking by 2030 and carbon neutrality by 2060. Research into the impact of Chinese companies’ involvement in GVCs on pollution emissions is important for environmental governance and the double carbon goal and is globally representative.
Since its reform and especially its accession to the World Trade Organization in late 2001, China’s aggressive integration into the GVC production system has been accompanied by an increasing deterioration of the domestic ecological environment, while creating export and growth miracles. Studies have shown that 17%–36% of China’s emissions of the four major air pollutants are brought about by China’s embedding in GVC downstream production and manufacturing with low-end elements. However, along with the deepening of GVC embedding, the production links undertaken by China in the GVC and the division of the labor position it occupies have changed significantly, which has important implications for the environmental effects of China’s participation in the GVC. Therefore, against the background of the evolving international labor divisions and the increasingly severe domestic environmental situation in China, this article examines how the global division of the labor system affects polluting behavior from the perspective of different ways of participation in the global division of labor. This has important theoretical and practical value for China to improve its domestic environment by adjusting its GVC embedding strategy in the new international division of labor.
After constructing a dynamic panel Gaussian mixture model (GMM), this study finds that the degree of enterprises’ GVC participation and pollution emissions show a non-linear inverted U-shaped relationship. This indicates that the pollution emissions of enterprises increased and then decreased with an increase in GVC participation. Second, we constructed separate models for the effects of output upstreamness and input downstreamness on pollution emissions and found that upstreamness is negatively related to pollution emissions, with the upstream economic components of GVC (such as technology research and development, international marketing, and key component manufacturing) producing emission reduction effects. The downstream degree is positively correlated with pollution emissions, which means that the downstream economic components of the GVC (assembly and noncritical component production) increase pollution emissions. Third, based on the second finding, we hypothesized that the cause of the inverted U-shaped relationship is the result of the joint influence of enterprises’ upstream and downstream participation, and constructed a multiple mediating effect model. This model showed that output upstreamness and input downstreamness have multiple parallel mediating effects on GVC participation. This finding suggests that the inverted U-shaped relationship generated by GVC participation is the sum of the environmental impacts of a firm’s output upstreamness and input downstreamness. These findings will help governments formulate more precise industrial and environmental policies that meet their own development needs and achieve a balance between trade development and environmental protection. In summary, this study provides a reference for developing economies worldwide to choose their mode and path of participation in GVC, which has important implications for the governance of global pollution.
2 LITERATURE REVIEWS
The “pollution paradise hypothesis” was developed by academics as early as 1994. This hypothesis is primarily used to describe the fact that energy-intensive, heavily polluting industries involved in the GVC process move to developing economies embedded at the lower end of the spectrum. Participation in GVCs implies that international production fragmentation enables the transfer of environmental pollution between countries. By transferring highly polluting downstream production and manufacturing to developing countries through a “keep the core, outsource the rest” strategy, developed countries can improve their own environmental quality, but may exacerbate environmental pollution in developing countries. Upstream economies in GVCs mainly engage in technology development and international marketing or hold key high value-added component production, with capital and humans being the main factors of production consumed. Downstream economies, on the other hand, are involved in assembly production and manufacturing of low-value-added components that are easily substitutable, consuming more traditional energy sources, thereby increasing their pollution emissions (Shao and Sudanese, 2019). found that the increased level of trade openness of economies with lower GVC positions worsened their polluting terms of trade instead of expanding the scale of trade. Whereas GVC location and participation positively affect pollution emissions (Pan et al., 2020), Pan (2017) found that GVC participation caused higher levels of implied carbon emissions based on the MRIO model combined with Koopman value-added decomposition (Pan, 2017).
In contrast to the “pollution paradise hypothesis,” some scholars have proposed the “environmental gain hypothesis” (pollution halo hypothesis), which states that GVC is embedded in developing economies to absorb advanced foreign technology through a push-back mechanism, and that pollution emissions are curbed in the production chain. The GVC embeds a pushback mechanism that allows developing economies to absorb advanced foreign technologies and curb pollutant emissions at the production level. As trade barriers, such as pollution tariffs, restrict the entry of highly polluting and emitting products (Wang et al., 2021), developing economies need to move up the value chain to ensure that they can export while improving their trade structure and environmental performance. In addition, this move meets internationally prevailing environmental standards in the short term, allowing developing countries to set more stringent pollution emission targets, thus creating a virtuous cycle for controlling pollution emissions. Thus, in the process of moving up in the GVC position, the structure of production, level of technology, scale of the situation, laws, and regulations have an important influence on pollution emissions.
In addition to the positive “pollution paradise hypothesis” and the negative “pollution halo hypothesis,” many scholars have found a non-linear effect of the GVC status on pollution emissions (Shi and Li, 2020; Yan et al., 2020; Liu et al., 2018) introduced corporate value chain participation based on the Copland and Taylor model and found that GVC embedding, especially forward embedding, significantly reduced the overall trade-implied carbon emissions of secondary industries. The process of GVC embedding may result in fluctuating growth in industrial pollution emissions and changing conditions in pollution emissions and trade. Li et al. (2022) found a U-shaped relationship between pollution emissions and forward-linked GVC embedding in Chinese industry. (Ju and Yu, 2015) used non-linear regression to find an inverted U-shaped relationship between GVC location and carbon emissions and proposed a mechanism for GVC location upgrading to reduce pollution emissions. However, there is a threshold effect of GVC location enhancement on the export reduction of pollution emissions (Yan et al., 2020). The same threshold effect of GVC participation on pollution trading conditions exists, showing a U-shaped structure with technological change (Lv and Lv, 2019; Lv and Zhang, 2021).
However, there are some unresolved issues in the current studies: on the one hand, the findings of the pollution paradise hypothesis, the pollution halo hypothesis, the U-shaped relationship and the inverted U-shaped relationship are contradictory, and the reason for this disagreement is the lack of convincing micro data studies. In addition, pollution emissions are highly correlated with energy consumption, and it is very difficult to obtain micro energy data of Chinese enterprises, which makes the control variables in the model inadequate. On the other hand, most studies only stay at the level of conclusion, without exploring the formation mechanism of the correlation between GVC and pollution emissions, failing to explain the structure and interrelationship within the system, and can only roughly understand the relationship between the degree of GVC participation and the environmental performance of enterprises, which is insufficient to guide policy formulation. The environmental regulatory policy framework designed on this basis undoubtedly has room for optimization in terms of relevance and effectiveness. Therefore, this study uses more convincing micro data and refines key control variables, such as energy consumption, using a variety of methods to construct a more robust dynamic panel GMM to further investigate the causes of the non-linear relationship and refine and extend the existing mechanism analysis of the issue.
3 MATERIALS AND METHODS
3.1 Sample selection and data sources
First, the data for measuring enterprise GVC participation, output upstreamness, input downstreamness, and pollution emission indices include the China Industrial Enterprise Pollution Emission Database, China Industrial Enterprise Census Database, and China Customs Database from 2005 to 2013. The corresponding industry data were obtained from the World Input-Output Database (WIOD), the China Regional Input-Output Tables 2012, and the China Input-Output Tables 2012. In this study, we referred to mainstream processing models and matched the Chinese industrial enterprise database, Chinese customs database, and Chinese industrial enterprise pollution emission database to obtain basic operation, import and export, and pollution emission data of each enterprise, which were used to calculate the upstream and downstream link participation and pollution emission index of each enterprise (Sudani and Yang, 2021). The second panel, which measures energy intensity data for prefecture-level cities, used data from the China DMSP/OLS (Defense Meteorological Satellite Program/Operational Linescan System) stable night lighting data from 2005 to 2013, the National Statistical Yearbook, China Energy Statistical Yearbook, China City Statistical Yearbook, statistical bulletins, and geographic information data for selected cities (WU et al., 2014).
3.2 Variable definitions
3.2.1 Explained variable: Synthetic pollution index
Pollution emission data for enterprises were obtained from the pollution emission database of Chinese industrial enterprises from 2005 to 2013 from the National Bureau of Statistics. In this study, we follow the processing methods of Shao (Shao, 2021b; Sudani and Yang, 2021) and selected industrial wastewater, chemical oxygen demand emissions, ammonia nitrogen, sulfur dioxide, nitrogen oxides, soot, and industrial dust emissions with relatively high data quality to construct a comprehensive index system. First, pollution emission indicators were standardized to eliminate the differences in the magnitudes of different pollutants. The specific formula is as follows:
[image: The image shows a mathematical equation for normalization: \( P_{ij} = \frac{x_{\text{max}} - x_{ij}}{x_{\text{max}} - x_{\text{min}}} \). This equation is labeled as (3.1).]
where [image: Certainly! Please upload the image or provide a URL so I can generate the appropriate alt text for it.] is the maximum value of a pollutant emitted by enterprise i, [image: Please upload the image you'd like me to generate alt text for.] is the corresponding minimum value, and [image: Please upload an image or provide a URL so I can generate the alt text for you.] is the scale of pollutants emitted by enterprise i at time j. The indicators were normalized as follows:
[image: Formula for TP subscript ij equals P subscript xij divided by the sum from m equals 1 to m of the sum from n equals 1 to n of P subscript xij. Equation number 3.2.]
Further, the entropy value was calculated using the following equation:
[image: Mathematical formula for \( E_j \) is shown as \( E_j = -k_1 \sum_{i=1}^{m} \sum_{j=1}^{n} TP_{ij} \cdot \ln TP_{ij} \), where \( k_1 = \frac{1}{\ln(m \times n)} \).]
Finally, the corresponding index weights were obtained from the hierarchical analysis method and summed with weights to obtain the Synthetic pollution index (SPI). The larger the value of this index, the higher is the pollution intensity of the enterprise. In practice, the logarithm of the value of this index after adding one is used as the explanatory variable in this study and is expressed as [image: The text "LnSPI subscript it" in italic serif font.].
3.2.2 Explanatory variable: Participation in GVCs
In the benchmark regression of the non-linear relationship, the explanatory variable is the participation in GVCs (GVC) of firms. This study constructs the most comprehensive method for calculating GVC participation by referring to the method proposed by Ge and Chen (2022) and assuming a 5% overseas import component in intermediate goods purchased domestically by firms.
[image: Equation for GVC equals the fraction of IIP subscript rho plus EXP subscript g over EXP, multiplied by the fraction of IIP subscript rho over upper-case Y subscript p and EXP subscript g, plus zero point zero five times the difference of M subscript T and IIP subscript rho minus the fraction of IIP subscript rho over upper-case Y subscript p and EXP subscript g, all over EXP. Equation is labeled as 3.4.]
Where IIP, EXP, and YD denote the import, export, and domestic sales scales of the enterprise, respectively, and subscripts p and g refer to processing and general trade, respectively. The enterprises’ import and export data can be obtained from sources such as industrial enterprises and customs data, as described in the previous section. For enterprises with sales below the declared export delivery value in the raw data, it was assumed that there was no domestic purchase of components. Where the foreign value added is greater than the total exports, the domestic value added is set to zero and the foreign value added rate is set to one; that is, GVC participation is set to one, where [image: Please upload the image or provide a URL for me to generate the alternate text.] is the total intermediate input of the enterprise. The above equation contains a hidden assumption that there is a 5% overseas import component in the enterprise’s domestic purchases of intermediate goods. Figure 1 is a scatter plot with GVC as the horizontal axis and [image: Mathematical expression showing "LnSPI" with "it" as subscripts.] as the vertical axis. It can be assumed that there is an inverted U-shaped relationship between GVC and pollution emissions after the energy constraint is applied. Therefore, a non-linear relationship model was constructed in this study.
[image: Animated plot showing a red line graph representing a quadratic curve. The graph peaks around the middle, demonstrating a rise and fall as the x-axis progresses from zero to ten.]FIGURE 1 | Convergence plot of [image: Text displaying "LnSPIit" with emphasis added to the letters "SPI".] and GVC from 2005 to 2013.
3.2.3 Multiple mediating variables
In the multiple mediating effects model, the mediating variables are output upstreamness (OU) and input downstreamness (ID). Based on the formulae proposed by Sudanese et al. (2020); Yuan et al. (2021); Yuan et al. (2021), this study optimizes the original treatment of national industry data as an approximation of the indirect value added export data of enterprises to the industry-average data of the provinces in which the enterprises are located to reflect inter-provincial differences. Consequently, the OU and ID calculation formulae are as follows:
[image: Equation for \(OU_{ijtp}\) includes terms \(IIP_{ijtp}\), \(D_{ijtp}\), and \((\theta^{l} - \theta^{j})\cdot EXP_{ijtp}\), over \(EXP_{ijtp}\). It is multiplied by \(O\left(\frac{IEXP_{ijtp}\cdot\theta^j}{EXP_{ijtp}}\right)\).]
[image: Mathematical formula labeled as equation 3.6, showing a complex expression for \(OU_{ijtg}\). It includes terms with variables like \(IIP_{ijtg}\), \(Y_{ijtg}\), \(EXP_{ijtg}\), \(D_{ijtg}\), \(\theta_j\), and \(\theta_j^j\), involving operations of division, multiplication, addition, and exponentiation.]
[image: Mathematical equation describing a model. It is a complex formula with variables \(IEXP\), \(OU\), \(\gamma\), and \(\theta\), among others, expressed in a nested fraction format. The equation appears to involve exponential functions and parameters related to experiments or empirical data, labeled by subscripts and different symbols.]
[image: The image shows a mathematical formula: \( ID_{ijp} = \frac{IIP_{ijp} + D_{ijp} + (\theta_j - \hat{\theta}_i) \cdot EXP_{ijp}}{EXP_{ijp}} \). It is labeled as Equation 3.8.]
[image: The image shows a mathematical equation: \( ID_{ijg} = \frac{\left(\frac{IIP_{ijg}}{Y_{ijg}}\right) \cdot EXP_{ijg} + D_{ijg} + (\theta^i - \theta^i_*) \cdot EXP_{ijg}}{EXP_{ijg}} \). The equation is labeled as (3.9).]
[image: Mathematical equation representing a formula for \( ID_{ijtm} \). It includes variables such as \( \gamma_p \), \( IIP_{ijtp} \), \( D_{ijtp} \), \( \theta \), \( EXP \), and \( Y \). The equation is structured as a fraction with a complex numerator and denominator, utilizing arithmetic operations and nested expressions.]
where i, j, and t represent the company code, industry code, and year, respectively; p, g, and m represent processing, general, and mixed trade, respectively. In this study, the intermediate products imported by the processing trade are regarded as all used for processing trade exports. Among intermediate products imported through general trade, the export ratio was the same as that of domestic and general trade exports. Therefore, [image: Mathematical expression showing "IEXP" with subscripts "ijtn" and "n equals p, g" in parentheses.] is the export value of the intermediate products of the enterprise after deducting from middleman trade. [image: Mathematical expression showing "EXP" with subscripts "ijtn" and a parameter "n" equal to "p" and "g" in parentheses.] is the total export value of the exporting enterprise minus the indirect exports from the middleman. [image: Mathematical notation showing the variable "IIP" with subscript indices "i, j, t" and superscript "p".] refers to the import value of intermediate products indirectly obtained from intermediate trade agents and used for exports by enterprises engaged in the processing trade. For general trading enterprises, the indicator is [image: Mathematical expression showing the formula: \((IIP_{ijtq} / Y_{ijt}) \times EXP_{ijtq}\).]. [image: Mathematical notation showing the symbol \( Y_{ijt} \), typically representing a variable indexed by \( i \), \( j \), and \( t \).] refers to the total sales of the enterprise, [image: Mathematical expression showing "while D subscript j, i, t, n, with n equals p, g" in italics.] is the accumulated amount of business depreciation. [image: It appears there was an issue with the image upload. Please try uploading the image again or provide a URL to the image. You can also add a caption for additional context if you like.] is the ratio of processing trade to exports in mixed-trade enterprises, and [image: Please upload the image or provide a URL for me to generate the alt text.] is the ratio of general trade to exports. [image: Mathematical expression: IEXP subscript i j t n with the condition n equals p comma g, indicating a specific parameter within a dataset or formula.] refers to the export value of the intermediate products of the enterprise after deducting the intermediate products exported in middleman trade. [image: Mathematical notation showing the symbol theta with subscripts j and superscript 1.] is the proportion of indirect imports in the same industry in the province where the enterprise is located; [image: Mathematical expression showing theta, squared, with a subscript j.] is the proportion of added value returned by the same industry in the province where the enterprise is located; and [image: Mathematical expression depicting theta sub j raised to the power of three.] is the indirect export proportion of intermediate products in the same industry in the province where the enterprise is located.
This study first describes industrial OU and ID heat distributions. As shown in Figure 2, 30 of the 36 industries achieved an increase in OU, while industries such as coal mining and washing, non-ferrous metal smelting and rolling processing, and electricity and heat production and supply declined upstream. Most of the declining industries are high-energy-consuming and high-polluting industries, and the technology level is generally low; thus, the OU space is more limited. At the same time, 28 industries reduced their ID, while industries such as petroleum processing, coking and nuclear fuel processing, waste resources, and waste material recycling processing failed to significantly reduce their ID, indicating that the above industries have low-end lock-ins, key technologies, and raw materials are restricted, and there is high pollution, high energy consumption, and low value-added features.
[image: Heat map displaying various manufacturing and industrial activities from 2006 to 2013, with industries listed on the left. The intensity of the squares represents activity levels, with darker shades indicating higher levels. Vertical lines mark the years 2008 and 2010.]FIGURE 2 | Heat distribution of output upstreamness and input downstreamness by sector.
3.2.4 Control variables
The production phase of an industrial enterprise occurs when pollutant emissions are concentrated, primarily through the use of fossil energy sources. Improving energy efficiency and using more efficient carbon-based energy sources such as natural gas can significantly reduce pollutant emissions at the end of production. Therefore, this article uses the Chinese DMSP/OLS steady night lighting data from 2005 to 2013 to derive an energy intensity indicator for each administrative unit at each prefecture level as the average local energy consumption level, which is then matched with data from enterprises with micro-energy consumption data to obtain the average energy consumption share of all local enterprises. Figure 3 shows the trend in energy consumption intensity for over 280 prefecture-level administrative areas between 2005 and 2013. Based on the amount of coal, oil, and natural gas used by industrial enterprises, converted into standard coal, and processed with the average energy consumption share of prefecture-level municipalities and the single-value moving time-series smoothing method for enterprises with missing or non-existent data, more complete energy intensity data for industrial enterprises from 2005 to 2013 were obtained. The share of clean energy (SCE) was obtained by dividing the energy data by the share of natural gas (in standard coal). The variable takes values in the range of 0–1, with data closer to 1 indicating that the enterprise has a higher share of clean energy and should, in theory, produce lower pollutant emissions.
[image: Bar chart with a bell curve overlay representing normal distribution. The X-axis shows percentage ranges from negative twenty-three point five percent to twenty-six point six percent. The Y-axis represents the frequency, ranging from zero to ninety. Bars show data distribution, peaking at seventy-eight in the center.]FIGURE 3 | Distribution of the energy consumption of prefecture-level cities.
In addition to SCE, the control variables include total enterprise assets (CAPI), total profits (PROFIT), total enterprise exports and imports (total export–import volume, TEIV), and the number of workers (LABOR). Additionally, the dummy variable for ownership structure (OWERSHIP) was set according to the economic attributes of the enterprises, where public enterprises (including state-owned and collective enterprises) were set as 1, private enterprises as 2 and foreign enterprises as 3. Descriptive statistics are shown in Table 1.
TABLE 1 | Descriptive statistical analysis of key variables.
[image: Table displaying data with columns: Variable, Obs, Mean, Std. dev., Min, and Max. Variables include LnSPI, GVC, SCE, CAP, PROFIT, TEIV, LABOR, and OWNERSHIP, all with 422,388 observations. Means and standard deviations vary across variables. Minimum values are zero for most, with PROFIT having a negative minimum. Maximum values differ, with OWNERSHIP maxing at three.]3.3 Research model construction
The dynamic panel generalized method of moments regression (DPGMR) is an econometric method for estimating models of panel data that address the problem of endogeneity in panel data. In the dynamic panel GMM regressions, lagged variables were used as instrumental variables to control for endogeneity. This approach is based on assumptions about the plausibility and validity of the instrumental variables. The advantage of DPGMR is that it can control for both individual fixed effects and endogeneity, and can better deal with the dynamic characteristics present in the panel data. First, a multicollinearity test was conducted and the results showed that the correlation coefficients among the variables were all less than 0.7, the variance inflation factors were all less than 2, and the mean value was 1.28, indicating that there was no serious multicollinearity problem for all variables within the constructed model. To investigate the impact of GVC participation on the environmental performance of enterprises, this study follows the model framework constructed by benchmark regression and introduces the primary and secondary terms of GVC participation in the model. In systematic GMM, the endogenous explanatory variable lagged in the original model is used as its own instrumental variable, which significantly improves the estimation efficiency and robustness of the results obtained. The baseline model is established using the following set of equations:
[image: Equation labeled 3.11 showing the formula for \( \text{LnSPI}_{it} = \alpha_0 + \mu \text{LnSPI}_{it-1} + \alpha_1 \text{GVC}_t + \alpha_2 (\text{GVC}_t)^2 + \gamma_j + \delta_t + \epsilon_{it} \).]
[image: Mathematical equation for a model: LnSPI_it = α_0 + μLnSPI_it-1 + α_1GVC_it + α_2(GVC_it)^2 + ΣCONTROL_ln + γ_t + δ_t + ε_it, labeled as equation 3.12.]
[image: Σ CONTROL_{it} = λ₁CAP_{it} + λ₂PROFIT_{it} + λ₃TEIV_{it} + λ₄LABOR_{it} + λ₅OWNERSHIP_{it} + λ₆SCE_{it}.]
where i and t denote the corresponding market micro-entity and time, respectively; j denotes the prefecture-level administrative area where the sample is located; k denotes the industry to which it belongs; [image: The image shows the mathematical notation for an error term, denoted by a lowercase Greek letter epsilon, with subscripts i and t, often used in statistical models.] and [image: Please upload the image you would like me to describe.] are the error and intercept terms, respectively; and [image: It seems you've entered a symbol instead of uploading or providing a URL for an image. Please upload the image or provide a URL, and I will generate the alternate text for you.] and [image: Please upload the image or provide a URL for me to generate the alternate text.] denote the individual firm fixed effects and time fixed effects, respectively.
4 RESULTS
4.1 Non-linear relationships
The results of fixed-effects and systematic GMM regression conducted on the original model are shown in Table 2. From this result, it can be concluded that after systematic GMM estimation, the characteristics and significance of the coefficients of the GVC and GVC quadratic terms are consistent with the fixed-effects model. In addition, the systematic GMM regression was subjected to AR(1), AR(2), and Sargan tests. First, the p-value of the AR(1) test was 0.004 and that of AR(2) was 0.197. This result indicates that there is autocorrelation in the first-order residuals, while there is no autocorrelation in the second-order residuals, indicating that the results of the systematic generalized moment estimation are reliable. Second, to ensure the validity of the instrumental variables, the Sargan test was conducted, which showed a test p-value of 0.21. This result indicates acceptance of the original hypothesis: the instrumental variables are reasonable and valid, and there is no over-identification problem. Drawing an inverted U-shaped conclusion from the coefficient characteristics alone is not sufficient. This study further uses the testing scheme proposed by Lind and Mehlum (2010) to perform a U-test on the baseline regression findings. Based on the test results, the GVC extreme value point of 0.644095 is within the range of values that can be taken and can reject the original hypothesis at the 1% statistical level. Meanwhile, the slope takes the value [0.2675233, −0.1478243], and there are negative values in this interval; thus, an inverted U-shaped relationship can be identified.
TABLE 2 | Regression results of the fixed effects model and the systematic GMM.
[image: Statistical table showing regression results using different models: two Fixed Effects (FE) and two Generalized Method of Moments (GMM). Variables include LnSPI, GVC, and squared GVC. Coefficients, standard errors, controls, constants, observations, R-squared, and number of IDs are provided. Significance levels are indicated with asterisks. Robust standard errors are in parentheses.]The regression results show that the estimated coefficient of the primary term of the GVC is significantly positive, whereas the estimated coefficient of its squared term is significantly negative, indicating that the impact of the GVC on the pollution emissions of enterprises shows a clear inverted U-shaped trend. In other words, at the beginning of a firm’s participation in a GVC, as the level of participation deepens, the characteristics of the firm’s pollution emissions generally tend to expand. However, as the level of GVC participation continues to rise, when it breaks through the extreme value, the increase in the level of GVC participation will have a dampening effect on the enterprise’s pollution emissions, and further deepening of international production capacity cooperation will give positive local environmental improvement effects. This shows that at a time when globalization is advancing with difficulty, it is important to continue to maintain an open, cooperative, and inclusive stance, to accumulate momentum in industrial development, and to participate in the process of integrating and improving GVC, to ultimately achieve a win-win situation in terms of economic benefits and environmental emission reduction. This aligns with the Chinese government’s approach of dual domestic and international recycling. In addition, after increasing the energy consumption constraint on the proportion of clean energy, the coefficient of [image: Mathematical expression displaying "SCE" with subscripts "i" and "t" in italics.] is negative and remains highly significant, indicating that while continuously promoting an increase in GVC participation, increasing the proportion of cleaner energy, such as electricity and natural gas, will significantly curb the scale of corporate pollution emissions. Thus, the adjustment of the energy structure is urgent.
4.2 Moderating effects
A moderating effect is the change in the degree or direction of a variable’s influence on the relationship between two other variables. In statistics and social science research, the moderation effect is used to explain how a variable changes or modulates the relationship between independent and dependent variables. In this study, we argue that differential financing constraints are prevalent among firms’ participation in GVC, which affects a number of areas, such as technology purchase and production equipment replacement, causing fluctuations in the environmental performance impact exhibited by firms when participating in GVC. For this reason, this study introduces the financing constraint ([image: I'm unable to view or analyze images directly. Please upload the image you would like described, and I can help generate alt text for it.]) variable to measure the financing situation faced by different firms; since this variable is negative, its absolute value is taken for the regression, following the treatment in other literature. Larger SA variable values indicate stronger financing constraints faced by corresponding firms when raising funds in the market.
[image: Equation showing a regression model: LnSPL_it equals a_0 plus a_1 times GVC_it plus a_2 times (GVC_it squared) plus a_3 times SA_it plus a_4 times GVC_it times SA_it plus a_5 times (GVC_it squared) times SA_it plus the sum of CONTROL_it plus γ_i plus δ_t plus ε_it.]
Table 3 presents the regression results of the moderating effects. The signs of the coefficients of the GVC and GVC quadratic terms are opposite to the signs of the coefficients of the interaction terms [image: Mathematical expression showing "GVC" with subscript "it" multiplied by "SA" with subscript "it".] and [image: Mathematical expression showing \((GVC_{it})^2 \times SA_{it}\).], indicating that an increase in financing constraints will significantly weaken the effect of GVC participation on the level of corporate emissions, and all coefficients of this finding are significant at 0.01 significance level. All coefficients are significant at the 0.01 level. In addition, in Figure 4, the solid line shows the trend of the inverted U-shaped effect of the original GVC on pollution emissions, and the dashed line shows the trend of the relationship between GVC and pollution emissions under the influence of SA. After the financing constraint, the change of [image: The text shows the expression "LnSPI" with the subscript "it" applied to "SPI".] under each [image: Formula showing the mathematical expression: delta GVC subscript it, indicating a change in a variable labeled GVC specific to an item or time period.] is reduced in both the rising and falling stages of pollution emission. In the rising period when [image: Sorry, I can't provide the alternate text for this. Please upload the image or provide a detailed description, and I'll be happy to help!] affects [image: Mathematical notation displaying "LnSPI" with subscript "it", typically used in equations or formulas.], the financing constraint may have a positive effect on environmental pollution, based on the fact that it restricts enterprises from expanding their production scale at this stage, thus reducing the environmental scale effect of GVC participation at this time. On the other hand, as the [image: I'm unable to generate alt text without an image being uploaded. Please upload the image, and I will help create the alt text for it.] of enterprises crosses the threshold, their participation in GVCs reflects more inertia and technology effects, and has a positive interaction with pollution emissions to achieve a positive interaction. Currently, the financing constraint hinders the absorption of high technology and the purchase of efficient production equipment; thus, the emission reduction effect is negatively affected.
TABLE 3 | Regression results for moderating effects.
[image: Regression results table showing the impact of variables on LnSPI. GVC_it has a coefficient of 0.298 with a standard error of 0.0138. (GVC_it)^2 shows -0.224 with 0.0139. SA_it is 0.0195 with 9.64e-05. GVC_it × SA_it is -0.0817 with 0.00490. (GVC_it)^2 × SA_it is 0.0600 with 0.00486. Controls are included. The constant is 0.00528 with 0.000625. Observations total 422,388, R-squared is 35,199, and Number of id is 0.844. Robust standard errors are in parentheses. Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1.][image: Graph illustrating abatement effects with and without an index regulation effect. The x-axis shows an unspecified variable, while the y-axis represents another variable ranging from 0.4 to 0.8. Two curves are depicted, with shaded areas highlighting the abatement effects: blue for after an index regulation (∆LnSPI), and red for without it (∆LnSPlnc). The label "the same ∆GVGnc" is shown above the top horizontal line.]FIGURE 4 | Diagram of the regulation effect of the financing constraint.
4.3 Robustness test
To verify the robustness of the model estimation results, industrial wastewater (IWit), chemical oxygen demand (CODit), ammonia nitrogen (ANit), sulfur dioxide (SDit), and soot (FDit) emissions were estimated as separate explanatory variables. The estimation results are shown in Table 4. The separate regressions with pollutants were consistent with the findings of the baseline regression model. This result once again validates the statement that “corporate GVC participation has an inverted U-shaped effect on corporate pollution emissions,” which is also applicable to a specific pollutant of importance.
TABLE 4 | Estimation results after replacing the explanatory variables.
[image: A table displays regression results for five models. Variables include \( GVC_{it} \) and \( (GVC_{it})^2 \) with coefficients and standard errors. Controls are included, and significance levels are indicated by asterisks. Observations total 422,388 with an \( R^2 \) range of 0.369 to 0.520 across models. Each model includes 35,199 IDs. Robust standard errors are shown in parentheses.]4.4 Heterogeneity analysis
4.4.1 Location grouping
The highly uneven level of economic development in China necessitates a location-based heterogeneity analysis. We grouped enterprises by region into East, Central, West and North, South. In order to eliminate the problem of sample decline, we construct regional dummy variables [image: Text rendering of the word "Region" with subscript "it" in italic font.], which denote east, central, west, south, and north, respectively, and take 1 if the enterprise is within the region, otherwise take 0. The division of east, central, and west adopted in this paper is based on the three major zones of the China Bureau of Statistics, while the division of north and south lacks an official division method, so the division method proposed by Lv et al. (2021). The northern region includes 13 provincial administrative units, including Heilongjiang, Jilin, Liaoning, Inner Mongolia, Hebei, Beijing, Tianjin, Shanxi, Shaanxi, Ningxia, Gansu, Xinjiang, and Qinghai, while the rest is the southern region.
[image: Mathematical equation for logarithm of SPI, denoted as LnSPI_it. It includes coefficients a_0, a_1, a_2, and a_3 multiplied by variables GVC_it, Region_it, and SCE_it, with additional control variables in a summation denoted as ΣCONTROL_it. Also includes terms γ_i, δ_t, and ε_it. Equation labeled as (4.2a).]
The model we designed to study regional heterogeneity is shown in Table 5. The coefficient of the primary term of GVC participation is significantly positive with the cross product of each regional dummy variable, while the cross product of the secondary term with the regional dummy variable is significantly negative. This indicates that there is a significant inverted U-shaped effect of the level of GVC participation on the emission intensity of enterprises, and this finding is still very robust after differentiating regions. Further observation of the distribution characteristics of the inflection points reveals that the extreme points of the three curves in the east, central and west are 0.642156863, 0.616915423 and 0.63592233, respectively, which indicates that the threshold for reversing the trend of GVC participation level on enterprises’ pollution emissions is the highest in the eastern region, which requires local enterprises to reach the GVC participation level criterion of 0.642156863. This may be due to the fact that the eastern region was the first part of the Chinese mainland to participate in GVCs, and thus has accumulated more low-end industrial sectors over time, and the aggregate effect is more clearly characterized. The higher GVC reversal threshold in the west compared to the central part is mostly attributed to the weakest economic base of the western region, which makes it differ from the central and eastern parts in terms of introducing mid- and high-end GVC participation firms. And the attractiveness of low-end participation degree enterprises is limited by geographical transportation and other factors, also weaker than the central region. Thus, there is a more obvious behavior of local administration to relax the constraints of environmental protection to attract investment in the west in the past. In addition, the coefficient values under the North-South distinction happen to be the same (but the remaining variables and standard deviations, etc. are significantly different), making the extreme value points of GVC under the South-North distinction the same, and there is no more significant difference between the South and North in terms of GVC influencing pollution emissions of exporting enterprises.
TABLE 5 | Regression results for different regional subgroups.
[image: Statistical table showing regression analysis results. The table has five columns labeled (1) to (5) with the dependent variable LnSPI. Independent variables include GVCit interactions with East, Central, West, North, and South, showing significant coefficient estimates, indicated by asterisks. Robust standard errors are in parentheses. Additional variables include SCEit and controls, with a constant term, observations, R-squared, and number of IDs listed. Significance levels are indicated by asterisks: three asterisks for p < 0.01, two for p < 0.05, and one for p < 0.1.]4.4.2 Enterprise size grouping
Different enterprise sizes will affect the level of technology and the potential for various environmental investments, and thus should also be grouped according to differences in enterprise size to verify the reliability of the conclusions of the trend relationship in this paper. To this end, this paper classifies enterprises into three categories according to their asset size: small, medium and large enterprises. The regression results are shown in Table 6, and the variable superscripts small, medium, and large denote the corresponding small, medium, and large firms, respectively. After grouping the samples, the primary and secondary terms of GVC participation for small, medium, and large enterprises still maintain the correlation relationship with the composite indicator of pollution emission intensity, and the significance and coefficient sign are as expected. Even when distinguished into small, medium and large enterprises, there is still a nonlinear inverted U-shaped relationship between emissions and GVC participation at different scales. In addition, examining the distribution of inflection points for enterprises of different sizes shows that the extreme value points for small, medium and large enterprises are 0.6300, 0.6322 and 0.6650, respectively, and the threshold for large enterprises to enter the downward range of pollution emissions is the highest, while the threshold levels for small and medium enterprises are approximately the same. Large enterprises with larger initial investment in fixed assets may have more obvious obstacles in introducing and absorbing new equipment. Blindly promoting SME consolidation may not produce more desirable environmental performance results.
TABLE 6 | Regression results for the grouping of enterprise size.
[image: A table displaying regression analysis results with variables GVC, GVC squared, SCE, CAPI, PROFIT, TEIV, and LABOR. It shows coefficients, significance levels, and standard errors under three models: LnSP small, medium, and large. Ownership, constant values, observations, R-squared, and number of IDs are included. Significance is indicated by asterisks: ***p < 0.01, **p < 0.05, *p < 0.1. Standard errors are in parentheses.]4.4.3 Ownership grouping
Different ownership structures also have some impact on the model estimation findings. Therefore, this paper further classifies the sample according to public (state-owned + collective), private and foreign enterprises, and the obtained estimation results are presented in Table 7. After distinguishing different economic sectors and ownership structures, the primary and secondary terms of corporate GVC participation still maintain the expected correlations, and the signs of the estimated coefficients are all consistent with the regression results of the nonlinear relationship, which indicates that the trend findings of this paper are still robust after distinguishing different corporate ownership structures. Further examining the performance of the extremes under different economic structures, it can be seen that the curves for the public, private, and foreign economies achieve inflection points of 0.64893617, 0.636138614, and 0.649038462, respectively, in terms of GVC participation. The relatively rigid and less market-oriented public economy and the foreign economy have a more backward GVC inflection point. The public economy has a larger legacy of backward production capacity, while the foreign economy sees China as a low-cost production base in the early stages of investment, and the industrial investment made has a greater intention of low-end lock-in. The private economy, on the other hand, pays more attention to the level of GVC participation based on its disadvantaged position in market competition, and faces greater pressure from environmental regulations and a lower threshold for the inflection point of pollution decline.
TABLE 7 | Regression results for business ownership grouping.
[image: A regression table displays coefficients for three models: LnSPI\(_{it}^{public}\), LnSPI\(_{it}^{private}\), and LnSPI\(_{it}^{foreign}\). Variables include GVC\(_{it}\), (GVC\(_{it}\))\(^2\), SCE\(_{it}\), CAPI\(_{it}\), PROFIT\(_{it}\), TEIV\(_{it}\), LABOR\(_{it}\), and Constant. Each estimate is presented with robust standard errors in parentheses, indicating significance levels with asterisks. The table includes observations, R-squared values, and the number of IDs for each model.]5 DISCUSSION
5.1 Environmental impact of OU and ID
By constructing a non-linear regression model, it is clear that the relationship between China’s participation in GVC and firms’ pollution emissions has an inverted U-shape. We speculate that the possible reason for the inverted U-shape is the different patterns of enterprise embedding in the GVC–the different emissions impacts produced by upstream and downstream embedding. In the early stage, the effect of low-end locking, path dependence and factor input expansion is more obvious, and enterprises are in the downstream position among GVCs; in the later stage, with a certain extent of technology accumulation and industrial upgrading, the original GVC division of labor position has changed, and enterprises are more involved in the upstream high value-added aspects of GVCs, and the key to achieving improved environmental performance and lower emissions is whether they can achieve progress in the GVC division of labor. Therefore, we constructed a fixed effects model that combines OU and ID to influence firms’ pollution emissions. To strengthen the energy constraint, this chapter constructs the variable [image: Mathematical expression with "Energy" in italics followed by a subscript "it" in italics.] for the share of non-clean energy in the enterprise, which is the share of coal and petroleum standard coal among the total standard coal of all energy consumption of the enterprise.
The model is set up as with the following set of equations:
[image: Mathematical equation showing \(LnSPI_{it} = \alpha_0 + \alpha_1 OU_{it} + \alpha_2 Energy_{gi,t} + \sum CONTROL_{gi,t} + \gamma_t + \delta_i + \epsilon_{it}\). Equation reference is (4.1b).]
[image: Mathematical equation representing a model: LnSPI_it = α0 + α1OU_it + α2Energy_it + α3OU × Energy_it + ΣCONTROL_it + γ_t + δ_i + ε_it.]
[image: Equation showing a regression model: LnSPI_{it} = a_0 + a_1ID_{it} + a_2Energy_{it} + ∑CONTROL_{it} + γ_t + δ_i + ε_{it}. Number in parentheses: (4.3).]
[image: Equation representing a model: LnSPI_it equals a_0 plus a_1 multiplied by ID_it plus a_2 multiplied by Energy_yt plus a_3 multiplied by ID_it times Energy_yt plus the sum of Control_it, plus γ_t, plus δ_t, plus ε_it.]
[image: Summation formula depicting CONTROL with subscript it equals lambda one times CAP with subscript it plus lambda two times PROFIT with subscript it plus lambda three times TEINV with subscript it plus lambda four times LABOR with subscript it plus lambda five times OWNERSHIP with subscript it.]
In Table 8, the results obtained in column (1) show that in this scenario, the participation of the upstream link of the enterprise remains significantly negatively correlated with its integrated pollution emission level, and each unit increase in the participation level of the upstream link of the enterprise decreases its pollution emission intensity by 0.653 basis points. In contrast, the share of newly added nonclean energy sources was positively correlated with pollution emissions, which is consistent with theoretical expectations. In addition, we constructed the cross-product term [image: Mathematical expression showing the product of "OU" and "Energy" subscript "it".] to examine the moderating effect of the non-clean energy share on the emission reduction effect of upstream link participation in the GVC. From the results of Eq. 4.2a, it can be seen that the cross-product term is significantly positive, which is opposite to the sign of the main variable, indicating that at the same level of GVC upstream link participation, the higher the percentage of non-clean energy use, the weaker the emission reduction effect brought about by the participation of enterprises in the upstream link. Results indicated in Column (3) of Table 8 show that the participation of enterprises in the downstream link continues to be significantly negatively correlated with the level of integrated pollution emissions, and for the upstream link of enterprises for every 1 unit increase in the participation level, its pollution emission intensity will increase by 0.321 basis points. The share of newly added nonclean energy sources was positively correlated with pollution emissions, which is consistent with theoretical expectations. In addition, we constructed the cross-product term [image: The mathematical expression displayed is "ID" multiplied by "Energy" with subscript "it".] to examine the moderating effect of the nonclean energy share on the reduction effect of GVC downstream link participation. The results of (4) show that the cross-product term is significantly positive, indicating that the higher the share of nonclean energy use, the stronger the pollution effect brought about by participation in the downstream segment of the GVC at the same level of participation.
TABLE 8 | Regression results of the effect of OU and ID on corporate pollution.
[image: Regression table showing coefficients for variables \(OU_{it}\), \(OU \times Energy_{it}\), \(ID_{it}\), and \(ID_{it} \times Energy_{it}\) across four models predicting \(LnSPI_{it}\). The coefficients are presented with robust standard errors in parentheses. Controls are included in all models. Significant results are indicated with asterisks: *** for p < 0.01. Observations, R-squared, and the number of IDs are consistent across models.]From the regression results, it can be seen that OU has a significant negative correlation effect on the pollution emission intensity of enterprises, and ID has a significant positive correlation effect on the pollution emission intensity of enterprises, regardless of whether factors such as the local energy consumption intensity of enterprises and other control variables are introduced. For developing economies, the higher the economic share of upstream industries, the higher the level of OU, and the overall environmental performance will significantly improve. Enterprises with higher participation in the upstream part of the global value chain have a more concentrated accumulation of knowledge, technology, capital, and market information, which are all advanced factors of production in the market operation, thus creating strong conditions for them to undertake the high value-added parts of the entire industry chain (such as R&D, after-sales service, brand marketing, and core parts supply), enabling them to take the lead in the distribution of benefits in the global industry chain. The company has also begun to focus on social perception and corporate responsibility to create a good market reputation and social recognition, which in turn will jointly contribute to a gradual reduction in the company’s pollution emission level. The higher the level of ID, the greater the proportion of the downstream economy of the enterprise and the increase in pollutant emissions after the enterprise participates in the GVC.
5.2 Multiple intermediary effects
Thus, OU has a negative effect on corporate pollution, whereas ID has a positive effect on corporate pollution. If both are the mediating variables of the GVC, an inverted U-shaped relationship is formed by combining these two effects. As there are two mediating variables, there may be multiple mediating effects. Figure 5 shows a schematic of a parallel multiple mediating model with i mediating variables (where i is greater than 1), where X is the independent variable, Y is the dependent variable, and M is the corresponding multiple mediating variable. The figure shows that there is no correlation between the multiple parallel mediating variables.
[image: Flowchart illustrating a sequence from X to Ythrough intermediary stages M1 to Mt. Lines labeled a1 to ai and b1 to bi connect the stages to Y, while lines c and c' connect directly between X and Y.]FIGURE 5 | Schematic diagram of parallel multiple intermediary effect transmission.
According to the relevant settings of the parallel multiple mediated effects model, the designed model is shown below, and the corresponding regression results are presented in Table 9.
[image: Equation showing a mathematical model: \(OU_{it} = \alpha_{0} + \alpha_{1}GVC_{int} + \alpha_{2}(GVC_{int})^2 + \gamma_{j} + \delta_{t} + e_{it}\), labeled as equation (5.1).]
[image: Equation showing an econometric model: \( ID_{it} = \alpha_0 + \alpha_1 GVC_{it} + \alpha_2 (GVC_{it})^2 + \gamma_t + \delta_i + \epsilon_{it} \).]
[image: Regression equation showing \( \ln \text{SPI}_{lt} = a_0 + a_1 \text{GVC}_{lt} + a_2 (\text{GVC}_{lt})^2 + a_3 \text{OU}_t + a_4 \text{ID}_t + a_5 \text{SCE}_{lt} + \sum \text{CONTROL}_{lt} + \gamma_t + \delta_t + \varepsilon_{lt} \). Equation number 5.3.]
TABLE 9 | Parallel multiple mediated effects model regression results.
[image: A table presents regression analysis results with three models. Each column shows dependent variables: \(OU_{it}\), \(ID_{it}\), and \(LnSPI_{it}\). Independent variables include \(GVC_{it}\), \((GVC_{it})^2\), \(OU_{it}\), and \(ID_{it}\), showing coefficients and standard errors in parentheses. All coefficients are significant at the 0.01 level. Controls are applied in model 3. Constants and model statistics like observations, \(R\)-squared, and the number of IDs are provided.]First, we examine the significance levels of the primary and squared terms of the independent variable [image: Sorry, I cannot generate alt text without an actual image to describe. Please upload the image or provide a link to it.] on and the dependent variable [image: Mathematical notation displaying "LnSPI" with a subscript "it".] in the baseline regression. In Section 3.1, it has been demonstrated that there is an inverted U-shaped effect of the primary and squared terms of [image: I'm unable to view the image. Please try uploading the image or providing a URL for me to assist you better.] on the dependent variable; secondly, we examine whether there is a significant effect of the primary and squared terms of the independent variable [image: I'm unable to view images directly. If you can describe the image or provide details, I can help create appropriate alt text.] on the mediating variables [image: I can’t view the image directly. Please upload the image or provide a description, and I can help generate the alt text for you.] and [image: It seems there was a mistake with the input. Please upload the image or provide a URL, and I will generate the alt text for it.] in the multiple mediator effect. The regression results of (1) and (2) show that the independent variable has a significant effect on the mediating variable, and that the effect of the mediating variable on the dependent variable [image: The text "LnSPI" with a subscript "it" written in a stylized serif font.] is significant after the inclusion of the mediating variable. Therefore, both the upstream and downstream link participation in the GVC have a partial mediating effect on the pollution emissions of enterprises, and the effect is a parallel multiple mediating effect. As shown in Figure 6, according to the formula of the multiple mediating effect strength analysis, under the parallel multiple mediating effect, the mediating effect strengths of [image: It seems there's an issue with the image display. Please try uploading the image again or provide a URL link. Additionally, you can include a caption for context if you wish.] and [image: Please upload the image or provide a URL so I can help generate the alternate text.] are −0.0139092 and 0.0825708, accounting for −5.19% (opposite to the direction of the total effect) and 30.81% of the total effect, respectively.
[image: Bar chart comparing two values: the left red bar shows a value of negative 5.19 percent, while the right blue bar indicates a value of 30.81 percent.]FIGURE 6 | Impact share of the output upstreamness and input downstreamness multiple mediation effects.
The empirical results indicate that the upstream and downstream participation paths produce opposite directions of corporate environmental performance, and that the upstream and downstream participation levels change dynamically during the GVC participation process. Eventually, the trade-off between the two opposite roles creates an inverted U-shaped trend, as shown in Figure 7. Therefore, the partially mediated transmissions in the two directions jointly formed an inverted U-shaped curve. When [image: Mathematical expression depicting that \( GVC_{it} \) belongs to the interval from 0 to 0.6459, inclusive of 0 but exclusive of 0.6459.], the baseline regression is to the left of the extreme value point, and the overall effect shows that the GVC participation level increases, and the pollution emission intensity of enterprises increases. At this stage, the emission reduction effect produced by the upstream link participation path of enterprises is weaker than the emission effect produced by the downstream link participation path. With the continuous increase in GVC participation, the embedded position of the upstream link of enterprises is continuously improved until [image: I'm sorry, I can't generate alt text for this content as it's mathematical notation, not an image. If you have an image to describe, please upload it or provide a link.], which makes its emission reduction effect produced by this path continuously strengthened. Finally, the total effect becomes an increase in participation level and a decrease in pollution emission decreases.
[image: Graph illustrating mediating effects with a curve dividing two sections. Blue arrows above the curve indicate effects from OU, and red arrows below indicate effects from ID. A vertical dotted line separates the sections at the middle.]FIGURE 7 | Trend of multiple mediating effects.
6 CONCLUSIONS AND POLICY IMPLICATIONS
The findings of previous researches have mostly focused on the environmental impact of GVC participation in general, lacking a more convincing data base. This is mainly due to the difficulty of obtaining data on micro enterprises. In addition, the calculation of GVC-related indicators is complicated, and the required data are scattered in databases such as industrial enterprise surveys and customs data, which makes it more difficult to study the issue from a micro perspective. In addition, at the mechanism level, the discussion of existing studies is very weak, and the conclusions obtained from studies conducted only from the perspective of GVC participation undoubtedly lack precise policy implementation. Unlike the existing “pollution halo” and “pollution paradise” hypotheses, we started with the trend between pollution emissions and GVC participation, and suggested a non-linear inverted U-shaped relationship between the two. In order to test this hypothesis, we increased the size of the micro-sample (most of the previous studies used less accurate macro data) and used a more accurate model to construct a dynamic panel GMM with a non-linear relationship, and obtained the “inverted U-shaped” conclusion. Based on this, we further analyzed the models and found that the OU of a firm represented by upstream link embedding and the ID of a firm represented by downstream link embedding have opposite environmental effects. Enterprise OU is negatively correlated with pollution, whereas enterprise ID is positively correlated with pollution, and the two form a parallel multiple mediation effect with GVC participation; the inverted U-shaped relationship of GVC is the result of the joint influence of OU and ID environmental effects.
In terms of policy recommendations, the government should first fully respect international rules and raise implementation standards at the level of environmental regulation and administration. For the heterogeneous characteristics of environmental performance exhibited by enterprises of different scales and industries, the government should avoid the same level of policy intervention; second, the government should increase the financial governance budget, innovate diversified market-incentivized environmental regulation policies, increase efficient publicity and delivery, and improve public participation in the implementation of environmental regulations; third, the government and the business community should try to break the barriers between research institutions and market players, and actively promote the extension of the latest research results to the foreign trade sector. Fourth, the government and the business sector should be adept at developing new technological innovations and R&D in the export sector, focusing on developing new technology, participating in the process of formulating market frontiers and emerging patent rules, and improving the level of enterprise OU; Fifth, enterprises should compensate for their shortcomings in the existing mature technology areas; sixth, the government should fully mobilize the financial system to help capacity and deepen financial support in the field of science and technology. Through various ways to alleviate the external financing difficulties of export enterprises and enhance their domestic industrial value added. Seventh, the government and enterprises should make joint efforts to optimize and adjust the export structure, focusing on stabilizing the supply chain, optimizing the export market structure, and continuously expanding new business models in the field of foreign trade; eighth, the government should pay attention to the use of various multilateral platforms and trade agreement tools, comply with various international trade standards and rules. Finally, the government and the business community should optimize and upgrade the factor input areas, change the “demographic dividend” into a “talent dividend” and continuously improve the domestic business environment.
This research can also be better optimized in terms of data, which is the prospective direction for future research: on the one hand, the underlying data are relatively old and the research findings have a certain lag. Although the data used in this paper are the mainstream micro data in today’s academia, and representative research results such as Economic Research and China’s Industrial Economy were conducted on this basis after 2020. However, in the post-epidemic era, there has been a more obvious adjustment in the representation of globalization, leading to a more drastic trend of change in the division of labor system of global value chains, which will bring more research possibilities from both theoretical model construction and empirical verification. However, due to the difficulty of data acquisition and other objective factors, there is still much room for improvement in the research content of this article. In particular, at a time when the external environment is changing drastically and the internal economic structure is constantly transforming, the differences in enterprise heterogeneity factors will be more obvious, which will lead to new changes and trends in the participation of micro market players in the GVC division of labor system. The screening and examination of these new factors need to be supported by more timely and reliable micro data, which is the direction to be improved in the next stage of this issue. Whether it is the key explanatory variables or general control variables, this paper has deepened on the basis of the previous arithmetic logic. However, due to the influence of different data bases and domestic and international statistical standards, some industry indicators are replaced by approximate values, and the corresponding data of regional energy sources stop at the level of prefecture-level administrative districts. Industry data are more desirable, but extremely difficult to obtain. In the subsequent research, this paper will further optimize the calculation field of indicators, and use more complex approximations based on the existing data resources to overcome the existing data shortcomings and better explain the realistic economic operation state.
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Based on the data of listed companies in China’s iron and steel industry from 2007 to 2020, the article investigates the impact mechanism and the path of action of China’s carbon emissions trading pilot on the green total factor productivity of iron and steel enterprises by constructing a multi-period difference-in-difference model difference-in-differences. The study finds that: 1) China’s iron and steel enterprises significantly improve their green total factor productivity driven by the carbon trading pilot, and the findings pass the corresponding robustness tests. 2) the mechanism analysis indicates that the carbon trading pilot promotes the green total factor productivity of iron and steel enterprises by forcing the technological progress of enterprises. 3) The heterogeneity analysis shows that the positive effect is more significant for large iron and steel enterprises with high social responsibility rating and high local government competition intensity, but not for small enterprises with low social responsibility rating and low local government competition intensity. 4) the dynamic effect shows that there is a certain lag in the promotion effect of the carbon emission trading pilot on the green total factor productivity of iron and steel enterprises, but its long-term effect is more obvious. This paper puts forward corresponding suggestions for accelerating the construction of a national unified green and low-carbon market system and actively promoting the deepening of the “dual-carbon” goal.
Keywords: “double carbon” policy, iron and steel enterprises, green total factor productivity, carbon emission trading pilot, DID

1 INTRODUCTION
As global warming and traditional energy consumption continue to intensify (De and Sue, 2019; Shankar et al., 2016), China is actively exploring new economic development models, gradually realizing the goal of “double carbon” (Hua et al., 2022; Tan et al., 2023), contributing to high-quality economic development (Li and Liu, 2023; Wei and Zhang, 2023), making green the base color of high-quality economic development, and improving the green total factor productivity of enterprises (Zhang et al., 2022; Liu et al., 2023a). In this context, China has introduced “dual carbon” policies and institutional arrangements one after another (Cao et al., 2020; Qi and Han, 2023; Zhu and Ma, 2023). Among them, in order to build a nationwide unified green low-carbon market system, China has launched a market-oriented policy tool of carbon emission trading pilot (Liu et al., 2022a; Cui et al., 2022). Shenzhen, Shanghai, Beijing, Guangdong and Tianjin launched carbon trading pilot projects in 2013. In 2014, Chongqing and Hubei also launched the trading and performance of the carbon emission trading market. In December 2016, Fujian Province launched its carbon emissions trading market, becoming the eighth carbon emissions trading pilot in China (Liu et al., 2022b; Huang, 2023; Rao et al., 2023). With the gradual maturity of China’s carbon emission institutional mechanism and trading system, the national carbon emission trading market for the power generation industry was officially launched on 16 July 2021 (Gai et al., 2018; Ma and Duan, 2023), and on 22 February 2021, the Department of Climate Change of the Ministry of Ecology and Environment clearly pointed out that the iron and steel industry is the third most important industry to be included in the national carbon market after the power and building materials industries (Tian et al., 2022; Li et al., 2023). As the world’s largest iron and steel producer, many domestic iron and steel companies have made active attempts in carbon trading. So, can the “double carbon” policy improve the green total factor productivity of iron and steel enterprises? What is the mechanism of the “dual carbon” policy to improve the total factor productivity of enterprises?
The relationship between energy, the environment, and economic growth has received widespread attention in scientific research in recent years (Naeem et al., 2022; Duan et al., 2023a; Naeem et al., 2023; Ren et al., 2023), yet environmental sustainability remains a global issue. The development of renewable energy (Zhang and Wang, 2019; Adebayo et al., 2022), green technology innovation (Du et al., 2019; Habiba et al., 2022), and regulatory policy mechanisms (Abbas et al., 2021; Annamalaisamy and Vepur Jayaraman, 2023) contribute to reducing greenhouse gas emissions and supporting environmental sustainable development. Xu et al. (2023) found that green technology innovation and environmental regulation are the most effective ways to achieve zero emissions. Ali et al. (2021) argued that in the long run, if decision-makers do not take adequate and timely measures, emergencies could negatively impact the environment. Rauf et al. (2023) suggest that governments should adopt environmentally sustainable economic policies to reduce carbon emissions while attracting environmental protection technologies and encouraging investment in renewable energy projects to enhance regional environmental quality. Ali et al. (2022) found that green innovation aids BRICS countries in achieving their goal of environmental sustainability. Abbas et al. (2022) believe that BRICS should design market-based environmental regulatory policies, emphasizing the implementation of environmental taxes, and expanding renewable energy development and investments in environmental innovation are key to limiting carbon dioxide emissions and achieving environmental sustainable development. Wen et al. (2021) found that green innovation significantly improved South Asia’s environmental quality. Sheng Yin and Hussain, 2021 empirically found that political stability, rule of law, regulatory quality, and corruption control are statistically significant factors affecting renewable energy investment in BRI countries. Hu et al. (2021) suggest policymakers should encourage ASEAN countries to invest in renewable energy to promote green trade openness.
Carbon emission trading is a policy introduced by nations for a green transformation of industrial structures (Zang et al., 2020), hoping to internalize the externalities of carbon emissions (Du et al., 2021), thereby achieving low-carbon targets (Liu et al., 2023b). Many scholars have discussed carbon emission trading extensively and in-depth. Research on the impact of carbon emission trading on green development has mostly focused on its relationship with green technology innovation (Liu et al., 2022a; Cui et al., 2022). The EU’s carbon emission trading system (EU ETS) has been the subject of foreign research, where the low-carbon technology patenting has increased by 10% since 2005 without growing out effect, considered to be the largest cap-and-trade program (Calel and Dechezleprêtre, 2016). EU ETS entered a new phase in 2013 with auction-based quota allocation, having stronger renewable technology innovation capabilities (Qi and Zhang, 2019). Researchers at home and abroad began to pay attention to the carbon price dynamics, especially the carbon price prediction. Duan et al. (2023b) found that the carbon market has a unidirectional risk spillover to both traditional and green asset markets, and the outbreak of COVID-19 pandemic has strengthened cross-market risk spillover effects. Wang et al. (2020) through the method of synthetic control, explored that carbon trading can promote low-carbon technological innovation, and the synergy between carbon trading market and regional industrial structure upgrading is also an important driving force for low-carbon technological innovation. Huang et al. (2023) found that after COVID-19 pandemic, Bitcoin’s investment shelter role for distinctive assets was enhanced and expanded, while green assets have consistently acted as an effective hedge for Bitcoin. From a micro perspective, quota allocation and price signaling perspectives differ. From the perspective of quota allocation, the quota allocation method can be divided into free distribution and paid distribution. In the free distribution method, Song et al. (2021) discussed the influence of benchmark method and historical method on corporate green technology innovation, finding the benchmark method is more prominent in driving green technology innovation, the historical method has “whipping fast cow” effect. Zhu et al. (2019) discovered different quota allocation structures impact corporate green technology innovation, with innovation capacity clearly stronger in companies with large-scale allocations compared to ratio-based ones. From the perspective of price signals, Wang (2016) divided carbon emission right trading into pure market trading, non-market trading and mixed trading by constructing measurement models. At the same time, it studied the mechanism of clean technology progress bias from different perspectives. The results show that the price increase of limited resources can promote the occurrence of clean technology bias effect. Jiakui et al. (2023) found that establishing green finance legislation accelerates green finance development, thus enhancing corporate green total factor productivity. Meng and Han (2017) used different theories and research methods, analyzed the effect of low-carbon innovation subsidies, carbon taxes, and carbon trading on low-carbon innovation, finding that optimal results require reasonable application of all three policy tools, and corporate low-carbon technology innovation evolves with carbon trading price fluctuations. Tong et al. (2022) empirical study found that increasing the intensity of environmental regulation will significantly improve China’s green productivity.
Empirical research on carbon emission trading’s impact on green total factor productivity mainly uses the difference-in-differences model (Tang et al., 2021; Hua et al., 2022; Cheng and Meng, 2023). However, different scholars have used different research dimensions, with most using provincial-level data. Zhang and Qiao (2021) took the carbon emission right trading as the experimental object, on the basis of measuring the green total factor productivity of the Chinese manufacturing industry in 30 provinces from 2009 to 2017, studied the effect of carbon emission trading on the manufacturing industry’s green total factor productivity using the propensity score matching difference-in-differences method (PSM-DID), concluding that the green total factor productivity of manufacturing industry is gradually improved by the influence of environmental regulation. Chen and Chen (2022) based on 2000–2018 panel data from 30 provinces and cities, using DID and PSM-DID models, discussed the changes in green total factor productivity in china’s provinces, although not specific to cities, they are divided into different industries, concluding that carbon emission trading policies positively affected China’s industrial green total factor productivity, thus promoting the improvement of China’s industrial green total factor productivity. Qi et al. (2021) used the DID model for empirical analysis on 30 provinces and cities, showing that the policy significantly reduced carbon emissions in pilot areas. A few studies have focused on enterprises or industry-specific research. Zhang and Zhang (2021) also based on carbon emissions trading, but they chose China’s manufacturing listed companies from 2009 to 2020 as samples, using the difference-in-differences method for empirical analysis, which showed that carbon emission trading pilots improved the total factor productivity of manufacturing listed companies. Hu and Ding (2020) comprehensively analyzed China’s listed companies from 2006 to 2017 using the difference-in-differences model, including robustness tests with parallel trends, lagging two periods, instrumental variables, and placebo, and verified different company nature effects using the triple difference method. Finally, the mediation and moderation effect method is used to test the mediation effect of carbon trading and total factor productivity, and to investigate the mediation effect of regulation under the influence of green innovation, market and government subsidy.
In this paper, we use a multi-period DID approach to empirically test the above issues by considering the carbon emissions trading pilot as a quasi-natural experiment of the “dual carbon” policy. The research on the above issues is of great theoretical and practical significance to scientifically evaluate the implementation effect of the carbon trading pilot, and clarify the mechanism of carbon trading pilot affecting the green total factor productivity of enterprises.
2 THEORETICAL ANALYSIS AND RESEARCH HYPOTHESIS
In the pilot market of carbon emission trading, carbon emission rights are given commodity attributes, i.e., the rational allocation of resources among enterprises is achieved through free circulation. As a market-incentivized environmental regulation tool in China, the carbon emission trading pilot uses the market price mechanism to internalize the negative externality costs of environmental pollution and achieve equal marginal abatement costs among economic agents in order to reduce carbon emissions of enterprises in the pilot region (Germeshausen, 2020; Hu et al., 2020). Unlike traditional command-based environmental regulatory instruments, firms participating in the pilot carbon trading market have the flexibility to decide whether to continue production until the marginal cost of emission reduction is in line with the current trading price (Dai, 2019; Niizawa et al., 2020), without fear of shutting down production or paying a penalty higher than the marginal cost of emission reduction. However, with the increasingly stringent allocation of carbon allowances in various pilot carbon trading markets, although enterprises can respond by actively reducing production or purchasing corresponding carbon credits in the carbon trading market, in the long run, these measures largely run counter to their goal of profit maximization (Hu et al., 2020; Tanaka et al., 2020). At the same time, as an important market incentive and environmental regulation tool to achieve the “double carbon” target in China, the carbon emission trading pilot will play its role in the long run. Under this circumstance, iron and steel enterprises, which are the major consumers of energy and resources, will take the optimization of their own resources as the starting point to readjust and optimize the allocation of relevant factors in their production and operation activities, so as to withdraw more factors and resources from energy-consuming projects and shift to cleaner production, in order to reduce their total carbon emissions and promote their green total factor productivity by improving their own resource allocation efficiency. Thus, this paper proposes hypothesis 1:
H1. Pilot carbon trading can improve green total factor productivity of iron and steel enterprises.
Further, from the design rules of the pilot carbon emission trading market, for those enterprises with carbon emission reduction cost advantage in the pilot carbon emission trading region, they can gain additional revenue by selling their excess carbon emission allowances. At the same time, dominated by the cost advantage of carbon emission reduction, enterprises with the cost disadvantage of carbon emission reduction will also actively engage in low-carbon technology innovation and make efforts to reduce carbon emissions. Therefore, based on the optimal incentive mechanism inherent in the trading market, the implementation of the pilot carbon emission trading can not only promote carbon emission reduction by enterprises with the cost advantage of carbon emission reduction but also stimulate enterprises facing higher costs to continuously improve their low-carbon level. This, in turn, encourages firms to increase their R&D investments and promote improvements in their production technologies and product quality (Qi et al., 2018; Saether et al., 2021).
According to Figure 1, under the stricter environmental regulation constraints caused by carbon trading, once the production and operation of iron and steel enterprises cause carbon emissions to exceed their quotas, they need to compulsorily purchase the excess carbon dioxide emission rights, which increases their production costs and thus poses a serious challenge to the market competitiveness of high carbon emitting enterprises. In order to alleviate the pressure of increased production costs caused by the purchase of carbon emission rights, high carbon emitting enterprises need to increase their investment in process innovation and improve their motivation to carry out process innovation. The more dominant they are in clean technology research and development, the more high-carbon emitters will save on the cost of purchasing carbon credits in the carbon trading market. Therefore, process innovation has become one of the important ways for high-carbon-emitting enterprises to save production costs and improve their competitiveness in the market.
Low-carbon emission enterprises can reduce carbon dioxide emissions through advanced production technologies and clean production processes, and sell the saved carbon emission rights to high-carbon emission enterprises, making additional profits in the pilot carbon emission rights trading. When the benefits of the transfer of carbon emission rights exceed the cost of technological innovation, low-carbon enterprises will pay more attention to clean technology research and development, as the Porter hypothesis (Porter and Linde, 1995) knows, this measure will encourage enterprises to spend more resources on low-carbon technology research and development and innovation funds. By forcing enterprises to improve low-carbon capacity, and then reduce carbon emissions per unit product, and finally drive the overall green total factor productivity of enterprises. Therefore, no matter the surplus or lack of carbon emissions, iron and steel enterprises will increase their investment in technological innovation to promote their green total factor productivity. Based on this, this paper proposes Hypothesis 2.
H2. The carbon trading pilot will push the enterprises to improve their technology and promote the green total factor productivity of iron and steel enterprises.
[image: Flowchart illustrating the impact of environmental regulation on the green transformation of iron and steel enterprises. Environmental regulation influences enterprises lacking carbon credits through cost pressure and those with surplus credits through market gain. Both pathways lead to technical progress and technological innovation, ultimately resulting in green transformation.]FIGURE 1 | Map of the impact mechanism of the carbon emission trading pilot.
3 RESEARCH DESIGN
3.1 Variable definition
[image: Italicized mathematical notation displaying "GTFP" with the subscript "it".] is the green total factor productivity of iron and steel enterprises, using the SBM (Slacked-Based Measure) directional distance function, this paper constructs the Malmquist productivity index to measure the green total factor productivity (GTFP) of listed iron and steel enterprises for the period 2007–2021. The following are the specific measurement indicators: 1) Inputs: three secondary indicators are used: capital inputs, labor inputs, and intermediate inputs, of which labor inputs are measured by the number of employees in employment at the end of the year, capital inputs are measured by net fixed assets and intermediate inputs are measured by cash paid for purchasing goods and receiving labor; 2) Expected output: measured by the main business income of the enterprise; 3) Non-expected output: measured by the total productivity of the enterprise in 3) Non-expected output: measured by the amount of sewage charges unpaid into the account of the prefecture-level city where the enterprise is located.
[image: I'm sorry, I can't generate alt text for that image. Please upload the image, and I'll be happy to help with the description.] as the core explanatory variable. Due to the differences in the start-up times of carbon trading pilots in different cities, the policy effects of carbon trading cannot be accurately assessed using the traditional difference-in-differences (DID) method. In order to effectively address the problem of inconsistent timing of policy implementation, and thus to provide a robust estimation of the “policy treatment effect,” this paper adopts a multi-period DID approach to measure the net impact of the carbon trading pilot policy on the green total factor productivity of iron and steel firms. The DID is assigned to 1 if the city where the firm is located starts the pilot carbon trading within the sample period, and the observation time is in the year when the trading officially starts and after, otherwise it is 0.
[image: Text logo displaying "Tech" in a large serif font followed by "it" in a smaller subscript-like style.] as the mediating variable, which is the level of technological progress of the firm. In this paper, we further decompose the GTFP growth rate measured by Malmquist index into two components: pure technical efficiency (Pech) and technical progress (Tech), and use technical progress as a mediating variable.
[image: Mathematical notation showing "X" with a subscript "it".] is the set of firm-level control variables, including firm size (Size); asset liability ratio (Lev); years on the market (Age); firm cash flow (Cash); return on assets (Roa); equity concentration (Top1); and growth capacity (Growth).
[image: Equation with capital letter Z followed by subscript letters k and t.] is the set of firm location-level control variables, including government spending (Spending); regional human capital (HC); regional foreign direct investment (FDI); and regional economic development level (GDP). See Table 1 for details.
TABLE 1 | Definition and measurement of main control variables.
[image: Table listing control variable types, names, and measurement methods. Corporate level variables include size, liability ratio, age, cash flow, return on assets, shareholding concentration, and growth capacity. Location level variables cover government spending, human capital, foreign direct investment, and economic development level. Each variable is accompanied by its respective measurement method.]The implementation of the fiscal decentralization system in China has led to the fact that each local government is the actual implementer of environmental regulation policies and has discretion over the actual intensity of its implementation of environmental regulation; therefore, this paper selects the intensity of local government competition as an indicator for heterogeneity analysis. Drawing on the definition of local government competition and the selection of indicators in the literature, this paper assesses the intensity of local government competition in three key dimensions: economic growth, attracting foreign investment, and financial self-sufficiency. 1) Competitiveness of economic growth: the growth rate of regional GDP ([image: The text shows an expression: "GDPGrowth" with subscripts "i,t".]) to the national GDP growth rate ([image: The text "GDP Growth subscript i,t" presented in a stylized font, indicating an economic measure of growth for a specific index and time period.]) 2) investment attraction behavior: the growth rate of regional foreign direct investment (FDI) ([image: Text displaying the variable "FDIGrowth" with subscript "i, t".]) of the national FDI growth rate ([image: Text reading "FDIGrowth" with a subscript "t".]) 3) Fiscal self-sufficiency: measured by the ratio of local government fiscal revenue ([image: Text displaying "Fiscal Revenue" with subscript "i, t."]) to fiscal expenditure ([image: The formula shows the variable "FiscalExpenditure" with subscripts "i" and "t".]) 4) Fiscal self-sufficiency: the proportion of local government revenue ([image: Text showing "FiscalRevenue" with subscript "i, t".]) to fiscal expenditure ([image: The text "FiscalExpenditure" with subscripts "i,t".] ) is used to measure. The specific formula is as follows:
[image: The formula calculates an average growth metric: (GDP growth rate at time t, divided by GDP growth rate at time t minus 1, plus FDI growth, plus fiscal revenue divided by fiscal expenditure) all divided by three.]
3.2 Model setting

[image: Mathematical equation for GTFP_{it}: GTFP_{it} = \alpha + \beta DIDD_t + X_{it}\gamma + Z_{it}\delta + \theta_t + \mu_k + \epsilon_{ikt} (2).]
where [image: Please provide the image by uploading it or giving a URL.] denotes the company, city and year, respectively. [image: Stylized text reads "GTFP" with the subscript "it" in italic font, likely representing a mathematical term or formula component.] is [image: Please upload the image or provide a URL so I can generate the alternate text for you.] firm’s [image: Please upload the image or provide a URL so I can generate the alt text for you.] the green total factor productivity in the time period. [image: Please upload the image or provide a URL, and I will help you generate the alternate text.] is the differenc-in-difference variable. [image: The image displays the mathematical notation for \( X_{it} \), indicating a variable \( X \) with subscripts \( i \) and \( t \).] and [image: It looks like there was an issue with displaying the image. Please upload the image file directly or provide a URL, and I can help generate the alt text for it.] denote firm-level control variables, city-level control variables, respectively. [image: The text shows two mathematical symbols: theta sub t and mu sub k.] denote time effects, individual effects, respectively.
Drawing on the intermediary effect test proposed by Wen and Ye (2014), this paper aims to explore the mechanism of the impact of the carbon emissions trading pilot on the green total factor productivity of the iron and steel industry (Wen and Ye, 2014). Therefore, on the basis of Equation 1, the following test model is further constructed:
[image: Equation depicting a regression model: Tech subscript i t equals alpha plus beta D D subscript i t plus X subscript it gamma plus Z subscript i delta plus theta subscript t plus mu subscript k plus epsilon subscript i k t.]
[image: Equation displaying a generalized form with components including constant α, coefficients β₁ for DID, β₂ for Tech, vectors X and Z with coefficients γ and δ, time effect θ, fixed-effect μ, and error term ε.]
where [image: Text logo with the word "Tech" in a serif font and the letters "it" in a smaller, italicized font.] denotes the level of technological progress of the enterprise. Sobel is used here to test for [image: Greek letters beta and beta subscript two.] denote the presence of mediating effects, if all samples of [image: It seems there is no image uploaded. Please upload an image or provide a URL for me to generate the alternate text.], [image: Greek letter beta subscript two in italic font.] show significance, then it indicates the existence of mediating effect, so there is no need to conduct Sobel test; If at least one of [image: It seems like there is no image provided. Please upload the image or provide a URL, and I will generate the alternate text for you.] and [image: Sure, please upload the image, and I will generate the alternate text for you.] is significant, then Sobel test is required, and if Sobel test is significant, then it indicates the existence of mediating effect.
3.3 Data sources and statistical characteristics
This paper selects China’s ferrous metal smelting and rolling processing industry from 2007 to 2020 as the original research sample. The ST, *ST and PT categories and companies with incomplete data are excluded. After processing, the final sample covers 24 listed companies with a total of 336 observations. Emission data of relevant pollutants are obtained from China Industrial Statistical Yearbook and China Environmental Statistical Yearbook. The relevant data at the enterprise level are obtained from the CSMAR database. The relevant data at the enterprise location level are obtained from the provincial and municipal statistical yearbooks.
In this paper, the continuous variables were Winsorized by replacing their values less than the 1% quantile (or greater than the 99% quantile) with the 1% quantile (or 99% quantile) and descriptive statistics were performed for the main variables. As can be seen from Table 2, the green total factor productivity (GTFP) of iron and steel firms generally exhibited a low level in the overall sample with a mean of 1.056, and a standard deviation of 0.426, and a minimum value of 0.272, and a maximum value of 5.929.
TABLE 2 | Descriptive statistics of the main variables.
[image: Table showing descriptive statistics for two variables: DID and GTFP. Each has a sample size of three hundred thirty-six. For DID, the average value is 0.131, standard deviation 0.338, minimum 0.000, median 0.000, and maximum 1.000. For GTFP, the average value is 1.056, standard deviation 0.426, minimum 0.272, median 1.000, and maximum 5.929.]4 EMPIRICAL TESTS
4.1 Average trend of green total factor productivity in iron and steel companies
Figure 2 presents the trend of the mean green total factor productivity of iron and steel enterprises, where: the horizontal axis represents the time line; the vertical axis corresponds to the mean green total factor productivity of iron and steel enterprises; the dotted line represents the experimental group, its pilot iron and steel enterprises; the solid line represents the control group, its non-pilot iron and steel enterprises; and 2013 represents the cut-off point of policy implementation. Before the operation of the pilot carbon trading market, the green total factor productivity of the experimental group shows a similar trend to that of the control group, and the mean value of green total factor productivity of the experimental group is higher than that of the control group; after the operation of the pilot carbon trading market, the mean value of green total factor productivity of the experimental group shows a certain volatility, which is more significant compared with that of the control group. Therefore, the premise of the hypothesis of parallel trend is met.
[image: Line graph comparing total factor productivity by average for experimental and control groups from 2007 to 2021. The experimental group shows spikes in 2014 and 2017. A dashed vertical line marks 2012. The control group fluctuates less, with a gradual rise post-2019.]FIGURE 2 | Trend of average green total factor productivity of iron and steel companies.
4.2 Impact of carbon trading pilot on green total factor productivity of iron and steel companies
In this paper, we use a multi-period difference-in-difference model to explore the impact of the carbon trading pilot on the green total factor productivity of iron and steel firms. According to the estimation results in column (1) of Table 3, the carbon trading pilot has a positive impact on the green total factor productivity of iron and steel firms when no control variables are included and no time and region fixed effects are controlled, which indicates that the implementation of this policy can improve the green total factor productivity of iron and steel firms. Column (2) considers both time and region-fixed effects on the basis of column (1), and the results show that the regression coefficient of the difference-in-difference term is positive and improves the goodness-of-fit of the model. Therefore, this paper concludes that the pilot carbon emissions trading policy has a positive contribution to the improvement of green total factor productivity of iron and steel enterprises. In addition, this paper further investigates the change in the regression effect of the multiple difference model after the introduction of the control variables. By including the control variables into the model in columns (3) and (4), it can be observed that the stability of the regression coefficients is significantly improved, and the regression coefficients of the difference-in-difference terms are significantly positive at the 10% and 5% levels, while the coefficient values also reach 0.130 and 0.235, respectively. This indicates that the inclusion of control variables can better explain the significant positive relationship between the pilot carbon trading policy and the green total factor productivity of iron and steel enterprises, further verifying the reliability of H1 in this paper.
TABLE 3 | Test results of the impact of carbon trading pilot on green total factor productivity of iron and steel companies.
[image: Table showing results for variables under four models (1 to 4) in relation to GTFP. DID coefficients are 0.092, 0.138, 0.130, and 0.235 with significance in models 3 and 4. Constant values are highly significant across all models. Control variables and fixed effects vary. Observations number 336 in each model, with R-squared values increasing from 0.005 to 0.133. Standard errors are noted in parentheses.]4.3 Robustness tests
4.3.1 Parallel trend test
In order to enhance the persuasiveness of the parallel trend test, this paper adopts the method used by Ma et al. (2019) to obtain the changes and correspondence of each indicator under different periods, and use it as a data source for empirical analysis. Figure 3 shows the estimation results at 95% confidence interval, where: the horizontal axis generates dummy variables ± n based on the difference between the first batch of carbon emission trading pilot intervention years and the real years, specifying that all numbers less than or equal to −7 are replaced with −7, and all numbers greater than or equal to 7 are replaced with 7. Therefore, the pre-and post-policy value interval of the horizontal axis is [−7,7]; the vertical axis indicates the estimated value of green total factor productivity. In order to verify the feasibility of the method, 24 listed iron and steel companies were used as the research subjects for empirical analysis. As shown in Figure 3, before the release of the pilot carbon trading policy, there was no significant difference between the experimental group and the control group, and their estimated values did not reach a significant level; with the release of the pilot carbon trading policy, the green total factor productivity of iron and steel enterprises was significantly and positively affected, which indicates that the policy is consistent with the premise of the hypothesis of parallel trend.
[image: Line graph showing green total factor productivity variations before and after a carbon trading pilot. The x-axis ranges from -7 to 7, indicating years, while the y-axis represents productivity deviations from -1 to 2. A gradual increase is observed from -7 to 2, followed by a notable rise until year 6, then a slight drop at year 7. Error bars are present for each year.]FIGURE 3 | Parallel trend test.
4.3.2 Counterfactual test
Conventional counterfactual tests usually use the policy time advance to assess the significance of the policy effect. Considering the gradual operation characteristics of the carbon emission trading pilot, this paper advances its market operation in the pilot regions by 1 year. Specifically, this paper uses 2012 as the policy implementation time point in Shenzhen, Guangdong, Beijing, Tianjin and Shanghai, 2013 as the policy implementation time point in Hubei and Chongqing, and 2015 as the policy implementation time point in Fujian, as detailed in Table 4. By setting different parameter conditions, this paper analyzes the impact of the carbon emissions trading pilot on the green total factor productivity of iron and steel firms using a panel data model approach. It is found that although the test results of model (5) are significantly different from the quasi-regression, they are not significantly different from the estimated results of model (6) controlling for the multiple fixed effects model, which indicates that the carbon trading pilot has a significant effect on the growth of green total factor productivity of iron and steel enterprises, thus the reliability of the benchmark regression results can be verified.
TABLE 4 | Counterfactual tests.
[image: Table showing regression results for GTFP with two models labeled (5) and (6). For DID, coefficients are 0.083 (standard error 0.074) and 0.145 (standard error 0.105). Constants are 1.469 (significant at 1%) and 1.434, with standard errors 0.347 and 1.535, respectively. Both models control for variables. Model (6) includes time and regional fixed effects; model (5) does not. Both use 336 observations. R-squared values are 0.087 for model (5) and 0.303 for model (6). Note indicates significance levels.]4.3.3 Placebo test
This paper draws on Wang and Ge (2022) A randomized experimental and control group was adopted for the placebo test, and 10 enterprises from 24 iron and steel enterprises were randomly selected as the experimental group for the implementation of the carbon trading pilot, while the remaining 14 enterprises were the control group, and the newly generated experimental and control groups were estimated based on the baseline regression model Eq. 1. In this paper, the above steps are repeated 500 times and the distributions of the 500 estimated coefficients and their associated p-values are further plotted, as shown in Figure 4. From the placebo test results, it is clear that the estimated coefficients of the newly generated samples are concentrated around zero, and most of the estimated values have p-values greater than 0.1 and are significantly different from the true values [from column (4) of Table 1], i.e., there is no other policy or random variable affecting the green total factor productivity enhancement of iron and steel enterprises, which also implies that the enhancement of green total factor productivity of iron and steel enterprises by carbon emissions trading policy is not a contingency.
[image: A line graph showing p-values against estimated coefficients. The x-axis ranges from negative 0.2 to 0.5, and the y-axis ranges from zero to eight. A peaked curve is present, with the highest point near a coefficient of zero, and p-values decreasing as the coefficient approaches the extremes. Dotted lines mark certain points on the graph, creating a guide for significant values.]FIGURE 4 | Placebo test.
4.3.4 Dynamic effects test
In view of the possible lags and timeliness of the impact of the carbon emissions trading pilot on the green total factor productivity of iron and steel firms, this paper argues that its impact should exhibit nonlinear characteristics, and therefore dynamic effects tests are needed to ensure its validity. Based on this, this paper constructs a sample group for each 7-year period before and after the promulgation of the carbon emissions trading pilot work policy using panel data regression method to empirically analyze the promotion effect of the carbon emissions trading market on the green total factor productivity of iron and steel enterprises. According to Table 5, the estimated values of the interaction term coefficients in model (7) for the first 3 years after the promulgation of the carbon emissions trading pilot policy are not significant, while, on the whole, the introduction of the policy does not lead to positive economic effects for all sample firms. This suggests that there is a lag in the effect of the carbon trading pilot on the growth of green total factor productivity of iron and steel firms. This may be due to the fact that it takes some time for the policy to be implemented on the ground, and the green transformation of different enterprises differs in their specific circumstances, leading to differences in the transformation paths and time points. However, over time, 3 years after the release of the carbon emissions trading pilot policy, the green total factor productivity of iron and steel enterprises is significantly positive in the estimated values of the interaction term coefficients, which indicates that the carbon emissions trading pilot may stimulate the own dynamic adjustment of iron and steel enterprises, which in turn has a long-term impact on the green transformation development of iron and steel enterprises. Therefore, the implementation of the carbon emission trading pilot will be beneficial to enhance the green competitiveness and sustainable development of iron and steel enterprises. In addition, model (8) controls for both time and regional solid effects based on model (7), and the regression results do not differ significantly from model (7), thus verifying the robustness of the dynamic effects.
TABLE 5 | Dynamic Effect of Carbon Emission Trading Pilot on Green Total Factor Productivity of Iron and steel Enterprises.
[image: A table presents regression results for variables DID2013 to DID2020 on GTFP, across columns (7) and (8). Coefficients and standard errors are listed, with significance levels indicated by asterisks. Controls for variables include time and regional fixed effects in column (8). Total observations are 336, with R-squared values of 0.330 and 0.425.]5 FURTHER ANALYSIS
5.1 Mechanisms of the impact of carbon emissions trading pilot on green total factor productivity of iron and steel enterprises
Based on the previous research hypotheses, this paper investigates the mediating role of technological progress between the carbon trading pilot and green total factor productivity of iron and steel firms, as a way to explore the mechanism of the impact of the carbon trading pilot policy on green total factor productivity of iron and steel firms. According to Table 6, in model (9), the regression coefficients of DID and firms’ technological progress are positive but insignificant, while in model (10), the regression coefficients of Tech and GTFP are significantly positive at the 1% level, requiring a Sobel test, and the results pass the Sobel test, thus verifying H2. Therefore, this paper concludes that the implementation of the carbon emission trading pilot can push back enterprises to invest in low-carbon technologies and significantly improve the level of technological progress of iron and steel enterprises, which in turn leads to green and low-carbon transformation of iron and steel enterprises and ultimately promotes green total factor productivity of iron and steel enterprises.
TABLE 6 | Mechanisms of impact of carbon trading pilot on green total factor productivity of iron and steel companies.
[image: Table displaying statistical regression results for Tech and GTFP. For Tech, DID coefficient is 0.024 with standard error 0.064. Constant is 0.727*** with 0.177. R-squared is 0.396. For GTFP, DID is 0.178** with 0.089, Tech is 0.734*** with 0.082, Constant is 0.231 with 0.254. R-squared is 0.457. Both models include control variables, time, and regional fixed effects, with 336 observations each. Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1.]5.2 Heterogeneity analysis
5.2.1 Enterprise size
To investigate the differences in the effects of the carbon trading pilot on the green total factor productivity of iron and steel firms of different sizes, this paper uses the median total asset value of firms as the grouping criterion for the sample firms. The regression results are shown in Table 7. According to model (11) in Table 7, the DID coefficients of large iron and steel enterprises are positive at the 5% level, which indicates that the implementation of the carbon trading pilot can greatly improve the green total factor productivity of large iron and steel enterprises; in model (12), the DID coefficients of small iron and steel enterprises are positive but insignificant, which indicates that the carbon trading pilot has a positive effect on their green total factor productivity. In model (12), the DID coefficients of small iron and steel companies are positive but not significant, indicating that the pilot carbon trading pilot does not have a significant effect on their green total factor productivity. Further analysis reveals that large enterprises are more affected by environmental costs in the production process, and have more advantages than small enterprises in terms of technology level and capital scale. Therefore, in the process of implementing the carbon emissions trading pilot, large enterprises can invest technology and capital more effectively in order to promote their development toward green transformation.
TABLE 7 | Heterogeneity regression results.
[image: A table displaying statistical results across different categories: enterprise size, corporate social responsibility, and local government competition. Variables include DID, constant, control variables, time and regional fixed effects, observations, and R-squared values. Large companies and small businesses show varying DID results with significance levels denoted by asterisks. Corporate social responsibility is divided into high and low, and local government competition into high and low competition areas. Observations range from 100 to 168 with R-squared values from 0.208 to 0.695. Note outlines significance levels with asterisks.]5.2.2 Corporate social responsibility
In this paper, the sample firms are classified according to the median of their social responsibility scores by referring to the social responsibility report of Hexun.com listed companies, and the high socially responsible firms have higher scores than the median, while the low socially responsible firms have lower scores than the median. According to model (13) in Table 7, the DID coefficients of highly socially responsible firms are significantly positive at the 10% level, which indicates that the carbon trading pilot has a significant contribution to promoting the improvement of green total factor productivity of high socially responsible iron and steel firms; while in model (14), the DID coefficients of low socially responsible firms are negative and insignificant, which indicates that the carbon trading In model (14), the DID coefficients of low socially responsible enterprises are negative and insignificant, which indicates that the carbon trading pilot does not significantly improve the green TFP of low socially responsible iron and steel enterprises, and even has a suppressive effect. The reason for this may be that the higher the CSR, the easier it is for firms to establish a good corporate image in the market. Highly socially responsible firms also perform better in terms of financial performance compared to low socially responsible firms. Therefore, with the impetus of the carbon trading pilot, highly socially responsible firms are able to inject technology and capital more effectively to facilitate their transition to green and thus enhance their green total factor productivity.
5.2.3 Local government competition
The decentralization and concessions accompanying the reform of China’s fiscal decentralization system have led to the fact that each local government is the actual implementer of environmental regulation policies, and local governments have discretion in implementing environmental regulations based on the actual situation in terms of their intensity, based on which environmental regulations have become a powerful tool for local governments to compete (Chen, 2009; Yang et al., 2020). Therefore, strategic interactions between different regions in the implementation of environmental policies may lead to implementation biases. When a region sets its environmental regulation intensity, its competing regional governments will adopt strategies to increase or decrease the intensity of environmental regulation depending on their level of environmental regulation, based on the principle of maximizing their own interests, thus creating a competitive strategy interaction of local governments’ environmental regulation (Li, et al., 2021; Yin and Chen, 2022).
To investigate the heterogeneity of the effect of carbon trading pilot on the green total factor productivity of iron and steel firms in different regions, this paper uses the median of local government competition intensity to group the regions where the sample firms are located, and the regions with higher competition intensity are larger than the median, while the regions with lower competition intensity are smaller than the median. According to model (15) in Table 7, the value of DID coefficient is significantly positive in the regions with higher competitive intensity, reaching the level of 10%, which indicates that the carbon trading pilot can significantly improve the green total factor productivity of iron and steel enterprises in the regions with higher competitive intensity; while in model (16), the value of DID coefficient is positive but not significant in the regions with lower competitive intensity, which indicates that the carbon trading pilot has a significant impact on the green total factor productivity of iron and steel enterprises in the regions with lower competitive intensity. In model (16), the DID coefficient is positive but not significant, indicating that the pilot carbon trading scheme does not significantly improve the green total factor productivity of iron and steel enterprises in less competitive regions. According to the relevant data, regions with higher competitive intensity are more flexible than regions with lower competitive intensity in terms of both fiscal expenditure structure and FDI scale. Therefore, regions with higher competitive intensity of local governments are more helpful for iron and steel enterprises to invest in technology and capital to promote their development toward green transformation and thus improve the green total factor productivity of iron and steel enterprises, driven by the carbon emission trading pilot.
6 CONCLUSION
For iron and steel enterprises, investigating the impact of the pilot carbon emission trading market on their green total factor productivity is a crucial part to accurately grasp the effect of the implementation of the pilot carbon emission market in China and to achieve the low-carbon transformation of the manufacturing industry and the goal of “double carbon.” Based on this, this paper uses a panel data regression method to construct a sample group for each of the 7 years before and after the promulgation of the pilot carbon emissions trading policy, and empirically analyzes the contribution of the carbon emissions trading market to the green total factor productivity of iron and steel enterprises. This paper selects 24 iron and steel enterprises listed in the period 2007–2020 as the research sample and conducts an in-depth study on the impact of the carbon emissions trading pilot on the green total factor productivity of iron and steel-producing enterprises and its intrinsic mechanism of action by using a multi-period difference-in-difference model, while discussing the heterogeneous impact of the pilot policy on the green total factor productivity of iron and steel enterprises, and draws the following research conclusions:
First, the benchmark regression shows that the green total factor productivity of iron and steel firms is significantly improved under the influence of the carbon emissions trading pilot, and this finding can be tested by parallel trends; the dynamic effects test shows that there is a certain lag in the promotion effect of the carbon emissions trading pilot policy, i.e., the policy effect starts to appear after 3 years, and the subsequent policy effect will persist for a long time; the counterfactual test and placebo test on the accuracy of the baseline regression results are fully verified. Second, the mechanism analysis shows that the carbon trading pilot will force the technological progress of enterprises, thus promoting the improvement of green total factor productivity of iron and steel enterprises. Finally, the heterogeneity analysis shows that the carbon emissions trading pilot has a heterogeneous impact on the improvement of green total factor productivity of iron and steel enterprises, mainly in three aspects: enterprise size, corporate social responsibility rating and local government competition intensity. Among them, the carbon trading pilot can significantly increase the green total factor productivity of large or high social responsibility rating iron and steel enterprises, but the promotion effect on small or low social responsibility rating iron and steel enterprises is not significant. Meanwhile, when the intensity of local government competition is high, the carbon trading pilot can significantly improve the green total factor productivity of local iron and steel firms; when the intensity of local government competition is low, the green total factor productivity of local iron and steel firms is not significantly boosted by the carbon trading pilot.
7 POLICY RECOMMENDATIONS AND LIMITATIONS
In order to accelerate the improvement of China’s carbon emission trading market mechanism and thus promote the development of China’s iron and steel enterprises towards green transformation, this paper makes the following suggestions:
First, when expanding the scale of the carbon emission trading market in the iron and steel industry, priority should be given to large or high social responsibility-rated enterprises with positive performance, and then gradually extended to enterprises with lower social responsibility ratings or smaller scale. In addition, the government should provide financial support or low-interest loans to iron and steel enterprises that encounter difficulties in their operations in order to motivate them to make a low-carbon transition. At the same time, it should also increase the investment in R&D of low-carbon technologies for iron and steel enterprises to improve their technology level and establish an effective incentive mechanism to promote the transformation of iron and steel enterprises to low-carbon direction. Secondly, during the construction of the carbon emission trading market in the iron and steel industry, we should take into full consideration the reality that the initial carbon emission quota is relatively lenient, and tighten the carbon quota to give better play to the policy effect of the market incentive-based environmental regulation tool, so as to release the effect of the “double carbon” policy on the green transformation of the iron and steel industry to a greater extent. The effect of the “double carbon” policy on the green transformation of the iron and steel industry can be released to a greater extent. Finally, we should establish a multi-objective promotion and assessment mechanism, regulate the competition among local governments, guide the benign competition among local governments, eliminate the market segmentation and local protectionism brought about by administrative planning, strengthen inter-regional cooperation, and play the role of convergence effect and leading demonstration, so as to achieve complementary advantages and common development. At the same time, it should also improve the relevant laws and regulations system, further increase the punishment of local governments and strengthen the supervision and restraint of local governments. We should advocate green development, improve the environmental governance capacity of local governments, pay more attention to the quality of economic development and the level of ecological environment, and guide local governments to change from “GDP as the basis of competition” to “green development as the competition goal".
As there are many links and uncontrollable factors in the process of implementing the carbon emissions trading system in China, the enterprises are also affected by the trading price, trading quota, etc., which can not be taken into account in all of these factors, and it is more difficult to obtain the trading data in this regard, which to a certain extent restricts the more in-depth study of this paper. Future research can be expanded in the following aspects: 1) Adopt multiple data acquisition methods, such as the technology of big data mining, to broaden the panel data at the enterprise level. 2) Improve the accuracy of indicator measurement to more accurately assess the emission reduction effect of iron and steel enterprises. 3) Combine the carbon emissions trading system with other environmental regulatory policies to further analyze its impact on the green transformation of iron and steel enterprises.
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Pakistan is moving toward the large-scale use of coal. Coal plays a dominant role in Pakistan’s energy mix and is estimated to reach 30% by 2030. The purpose of this study is to analyze coal imports and indigenous reserves in relation to CO2 emissions. In particular, this study constructs the logarithmic mean Divisia index (LMDI) method to see the impact of the factors, decoupling index for the economic relationship, and pollution from coal-fired power plants from 1986 to 2019. The empirical results show that 1) coal consumption and imports are interrelated, while coal production has had the lowest production level since 1986; 2) the energy intensity impact plays a medium role in decreasing coal utilization, followed by the coal share effect; however, the aggregated impact accounts for 0.023% of the total coal use; 3) the economic and population activity effects progressively increase with coal consumption by 0.25% and 0.35%, respectively, with the annual average growth; 4) only “three” decoupling states were observed: expansive coupling, expansive negative decoupling, and weak decoupling. Expansive negative decoupling occurred due to high energy share and energy intensity. Expansive coupling occurred only in 2001 due to rapid growth in coal proportion and a sluggish decrease in energy intensity, and weak decoupling showed a decoupling association between economic growth and coal utilization; and 5) the various coal compositions, such as moisture, volatile matter, fixed carbon, ash, and sulfur, can be evaded by 1.82, 4.83, 5.16, 1.43, and 0.39 Mt currently. Finally, environmental analysis recognized that implementing clean coal technologies significantly saves fuel and, consequently, reduces emissions. This study also discusses further policies.
Keywords: coal consumption, LMDI, decoupling index, fuel efficiency, CO2 emission, Pakistan

1 INTRODUCTION
Energy consumption has become one of the important influences on an individual country’s economic development, environment, climate change, food security, health, employment, and social factors (Zheng and Walsh, 2019). For huge production, the world protected and applied multiple huge fuels, particularly for emerging nations, which will influence localities, people, living standards, and natural resources (Lin and Raza, 2019). Being the second largest populated nation in South Asia, Pakistan has stayed on the rising focused agenda, lined with vast investments from established countries such as the United States (US), China, and Russia.
Pakistan has the world’s seventh largest coal reserves, with a heating value of approximately 9,000 British thermal units (Btu/lb) and reserves of 185.175 billion tons (Pakistan Energy Vision, 2016; Vision, 2035, 2014). This was discovered in 1991 by Pakistan’s Geological Survey and the US agency for international development. This will maximize coal consumption (CC) in the energy sector before 2025 in terms of coal efficiency, electricity supply, electricity demand, and energy production. Currently, coal fulfills the commercial energy needs of Pakistan by 15.4%. The domestic production of coal was 5.46 million tons of oil equivalents (Mtoe) in 2019, which showed an increase of 34.3% over the previous year, while coal production started flowing from the Thar coal field (HDIP, 2019), in which coal imports increased by 14.6% during 2019. As shown in Figure 1, the overall coal consumption increased significantly by 19.7% compared to the previous year.
[image: Line graph depicting China's coal consumption, import, and production from 1980 to 2030. Coal consumption (blue line) and import (red line) increase significantly, especially post-2000, while production (green line) remains relatively stable.]FIGURE 1 | Pakistan’s coal consumption, production, and import from 1986 to 2019.
Regarding the energy mix, Pakistan is attempting to encourage coal consumption and increase its share in the energy mix because of energy security. The energy mix of oil, coal, gas, and LPG was counted at 31.58%, 18.72%, 31.4%, and 2.1% in 2019, respectively (HDIP, 2019), as shown in Figure 2. It is obvious that coal consumption is the third highest fuel in the energy mix and shows a positive trend over the period. Coal is the main energy source in Pakistan and plays a strategic role in the country’s economic development. Due to its abundance in proven reserves and its constancy in supply, coal will continue to be an imperative component of the primary energy mix in the country, at least over the next few decades. Although it adds to a large share of greenhouse gas (GHG) emissions, reducing this carbon-constrained worldwide environment is unavoidable, and the Pakistan coal industry might be significantly influenced by GHG emission reduction policies. As a developing country in Asia, Pakistan’s growing population and industrialization influenced huge energy utilization in various sectors, which rely heavily on fossil fuels (i.e., oil, coal, and gas) (Lin, B., & Raza, 2020a). Currently, domestic energy resources cannot meet the increasing energy demand; thus, the government should utilize clean technologies to reduce the pollution and energy crisis in the country. This study, therefore, measures the population, economic activities, energy intensity, and coal share for 34 years, which are the key factors in increasing the economy. Given the availability of current information about coal emissions in 2019, we estimated plant efficiency.
[image: Line graph showing energy consumption from 1980 to 2015 for coal, gas, oil, and nuclear. Coal and gas lines rise steeply, coal peaks in 2015. Oil shows moderate growth, nuclear remains low.]FIGURE 2 | Pakistan’s energy mix from 1986 to 2019.
Pakistan is still in the initial development phase compared to advanced and developing countries. It is unavoidable that Pakistan needs additional energy to fulfill its domestic demands. However, the coal-related energy framework has led to grave ecological pollution. Confronted with the huge pressure of national environmental safety and worldwide climate variation, regulating fast-growing coal consumption has become a key concern for the government of Pakistan. Thus, investigating the decoupling association between coal utilization and economic growth (EG) may benefit from distinguishing energy policy and energy security strategy.
As per Kraft and Kraft (1978), many researchers have broadly reviewed the association between EG and energy consumption (EC). However, such research did not reach a definite decision regarding the causative direction between EG and EC. Few studies found directional causalities using extended datasets. For example, Abosedra and Baghestani (1989) for the US from 1947 to 1987; Narayan and Smyth (2005) for Australia; Ho and Siu (2007) for Hong Kong; Hu and Lin (2008) for Taiwan; Zhang and Cheng (2009) for China; Acaravci (2010) for Turkey; and Payne and Taylor (2010) found unidirectional causality. Several studies also investigated the bidirectional causality between EC and EG; for example, by investigating facts for G-7 and G-10 developing countries besides Pakistan, Soytas and Sari (2003) found bidirectional causality between energy use and economy in Argentina from 1950 to 1990.
Moreover, research on the existing topic has concentrated on emerging nations; for example, Yuan et al. (2007) for China using the cointegration method between electricity and EG; Chiou-Wei et al. (2008) for the US and Asian emerging countries using linear and nonlinear Granger causality tests; Ruhul et al. (2008) for six non-Organization of Economic and Cooperation Development (OECD) Asian emerging nations using Granger causality; Bowden and Payne (2009) for the US using Granger causality; Yoo and Ku (2009) for 20 European and Asian countries using cointegration; and Ozcan and Ari (2015) for 15 OECD countries using bootstrap causality tests. However, they found unidirectional and bidirectional causalities among the variables.
In various countries, numerous researchers have investigated coal ingestion and its significance for EG using new and longer time-series statistics. Jinke et al. (2008) reviewed the causative association between coal utilization and EG in the main OECD and non-OECD countries. Yang et al. (2020) analyzed the structural path for China’s coal consumption using input–output methods and found that investment, exports, and households are the main factors in coal consumption. Asghar (2008), for five South Asian countries using causality analysis from 1971 to 2003, found that there is a unidirectional causality running from coal to economic growth in Sri Lanka, Bangladesh, and Pakistan. Wolde-Rufael (2010) used the causality analysis between coal consumption and EG for “six” key coal-consuming nations, covering the period of 1965–2005, and found that there is a unidirectional causality running from coal to economic development in India and Japan; however, an opposite causality was estimated in China and Korea. Li and Leung (2012) investigated the association between China’s coal consumption and real GDP using panel data and revealed that there is a bidirectional causality in the coastal and central regions and a unidirectional causality in the Western region. Bloch et al. (2012) analyzed a similar factor’s association in China. Bildirici and Bakirtas (2014) analyzed the causality for six Asian and European countries from 1980 to 2011 using long-run causality analysis found between coal and economic growth with a bidirectional causality for India and China, and Lei et al. (2014) used the causality investigation between coal utilization and economic development for the US, and European and Asian countries over 2000–2010. They estimated a bidirectional causality association between coal use and economic development in Russia, Japan, and Germany; however, a unidirectional causality exists only in China. Govindaraju and Tang (2013) used the robust technique of cointegration to obtain conclusive outcomes between EG and coal consumption in China and India. They revealed that there is a bidirectional causal relationship between coal and economic growth, both in the short and long-run periods. Raza and Shah (2019) used causality analysis among domestic factors in Pakistan from 1981 to 2017 and found that there is bidirectional causality between coal consumption and economic growth both in the long and short run. Lin and Raza (2020b) employed input–output analysis for coal consumption of various sectors in Pakistan from 1999 to 2018. They estimated that the economic scale is the factor that drives the growing coal use in Pakistan. Khan et al. (2020) investigated the overall energy and carbon emissions of various sectors using the quantile regression method but could not differentiate which fuel is more efficient in a rising economy. With the positive results of past studies, the coal and economic factors in the current era’s decoupling are yet to be analyzed, especially for Pakistan.
However, whether economies are becoming less reliant on sources of energy assets has become another imperative issue. The decoupling investigation has become an imperative technique to examine these issues; decoupling is a strand of research on the dilemma between EG and carbon pollution, the concept of which was originally taken from the field of physics. Zhang (2000) initially used the decoupling analysis definition to investigate the association between CO2 emissions and EG in China at the start of the 2000s. OECD defines decoupling as dissociating economic growth from environmental degradation, such as by breaking the relationship between them (OECD-2010, 2002). In 2002, this analysis was generally applied and formally defined by the OECD. This analysis is generally applied in the carbon emission-related literature at the country, sector, and regional levels (Grand, 2016; Raza and Lin, 2020). Presently, there are two methods of determining the decoupling association among energy, energy-related emissions, and EG.
First, as per Juknys (2003), there are three types of decoupling (i.e., primary, secondary, and double decoupling). However, primary decoupling is the decoupling relationship between natural resource utilization and EG. Secondary decoupling is the decoupling of ecological pollution from utilizing natural resources. Double decoupling occurs if both primary and secondary decoupling occur meanwhile. Thus, following Juknys’ decoupling thought, Tapio (2005) re-defined the Tapio decoupling indicator and found “three” decoupling states, i.e., decoupling, coupling, and negative decoupling. This showed the decoupling of states in the transport sector of Europe. For a better understanding, Tapio divided “three” decoupling states into “eight” logical possibilities (i.e., weak negative decoupling, weak decoupling, expansive decoupling, strong decoupling, expansive negative decoupling, recessive coupling, expansive coupling, and strong negative decoupling), which are presented in the following section. After that, the decoupling index proposed by Tapio was broadly applied to investigate the impact of energy, the economy, and the environment. For example, De Freitas and Kaneko (2011) applied the Tapio index for Brazil’s CO2 emissions and EG over 2004–2009; Zhang et al. (2018) employed Tapio decoupling to estimate the association between coal ingestion and EG in China; Raza and Lin (2020) used this technique to estimate EC and EG for Pakistan’s transport sector over 1984–2018; and Lin and Raza (2021) employed a similar method to estimate electricity utilization and EG in Pakistan from 1989 to 2018.
Following the logarithmic mean Divisia index (LMDI) technique, Zhang et al. (2015) discussed the major motivations for the decoupling process, while Diakoulaki and Mandaraka (2007) stated a decoupling indicator that was applied to evaluate the actual struggles assumed in the individual region and their impact on decoupling the environmental dimensions and EG. For this, Zhang et al. (2013) measured the decoupling relationship between electricity uses from EG in China. This technique was also employed by Zhang and Guo (2013) and Zhang et al. (2018) for Chin’s EC and per capita income. Furthermore, clean coal technologies (CCTs) aim to lessen the ecological influence of coal consumption and include technologies for organizing coal, coal gasifying, and enhancing efficiency in power plants, eliminating contaminants for CO2 emission and storage. For this reason, investments in CCTs are costly and employed only if they are maintained by technical, ecological, and economic viability (Mishra et al., 2015). To be considered a CCT, coal-fired power plants should fulfill a minimum of one of the given standards: a) high production compared to the traditional power plants because of their operation at maximum pressures and temperatures; b) based on the carbon storage system; and c) minimize nearby pollutants (i.e., heavy metals, particular matter, NOx, and SOx). This system, together with other machines that permit lessening emissions, could drive each plant’s discharges to near “0” (Rocha et al., 2021). Thus, the applicability of CCTs in various coal power plants considerably influences overall efficiency and pollution reduction. Moreover, subcritical, supercritical, and ultra-supercritical coal-fired plants are samples of CCTs since they permit clean and highly proficient coal use, making it feasible to produce energy with minimum environmental pollution (Oboirien et al., 2018). The statement of supercritical originates from the thermodynamic concept of the critical point, which, for water, mentions the condition with a pressure of 22 MPa and a temperature of 374°C; in a process where steam situations are higher than that, this point is named supercritical. On the other hand, ultra-supercritical is more advanced than supercritical, which is usually stated for systems including a pressure of steam higher than 25 MPa and a temperature of more than 580°C, but it varies from country to country (Fan et al., 2018). Therefore, this research measures the various coal compositions that influence the environment at lower heating values (LHVs); however, they also carry a greater carbon emission of produced energy at that time. Thus, the objective of the environmental excellence index is to examine the extensive variability of coal compositions, which might support future decisions. Thus, this study adds to the literature on aspects of CCTs, fired-power plant efficiency, and integrating economic and ecological aspects, particularly for Pakistan.
To date, numerous scholars have concentrated on the relationship between EC and EG in Pakistan using causality and simple regression methods. Furthermore, there is a strong association between EG and EC in Pakistan (Lin and Raza, 2020a). Thus, using these factors for Pakistan’s productivity, a study that impacts coal consumption, coal efficiency, and CCT is not yet analyzed. This research aims to answer the current issue. Currently, the decoupling indicator is based on the decomposition outcome status, of which the state lies in coal consumption and Pakistan’s EG, such as the strong, weak, or no decoupling state. Moreover, the description of the decoupling indicator is controlled by whether the economic activity impact is negative or positive. Ang (2004) decided that the LMDI technique was ideal compared with different decomposition approaches. In order to reduce this issue, the existing study again applies a decoupling indicator based on the decomposition outcomes of the LMDI process.
This study has the following motivations: first, the position of indigenous coal production, coal consumption, and coal imports is investigated. Second, the LMDI technique is employed to discover the influence of the factors that affected coal consumption in Pakistan from 1986 to 2019. Third, a decoupling index is established based on decomposition outcomes, which are applied to estimate the decoupling association between coal consumption and EG in Pakistan. Fourth, the research analyzes the efficiency range of highly effectual coal (i.e., supercritical and ultra-supercritical) compared to subcritical power plants at lower and higher heating values (HHVs). Importantly, it quantifies i) environmental impacts using coal-fired power plants; ii) subcritical, supercritical, and ultra-supercritical technologies at lower and higher heating values; iii) carbon emissions avoided under various coal composition components; and iv) the country’s economic valuation using up-to-date data to describe the systematic, influential, and realistic picture of the coal power system. Thus, this study first attempted to analyze the factor’s decomposition and decoupling progress with coal technology installed in Pakistan. Finally, the study provides energy security, CCT efficiency, and import reduction policies for Pakistan under the umbrella of the Intended Nationally Determined Contribution (INDC) (Vision 2025–2035, 2014) and coal plans linked to the China–Pakistan Economic Corridor (CPEC). In addition, few studies have been conducted nationally or internationally; for instance, Yin and Zhao (2023) conducted a descriptive analysis to analyze a clean, low-carbon, and diversified modern rural new energy system for China. Yu and Yin (2023) used a quantum evolutionary game model for new energy enterprises and village collectives. Raza and Dongsheng (2023) employed the decomposition method to investigate the carbon damage and carbon sources in Pakistan. Zhao et al. (2023) used the evolutionary game method to develop a green novel environment in photovoltaic building materials for manufacturing mechanisms. Raza and Lin (2023) used decomposition analysis for Bangladesh’s natural gas consumption. They analyzed the energy, economy, and pollution effects based on energy aggregates or an individual source using limited factors without discussing the current measures. With the intention of enhancing past research, the novelty of the present research is to apply more accurate measures of energy efficiency. Due to different factors employed in various countries, sectors and individual countries have developed their own models using economic growth, energy consumption, fossil fuels, renewable energy, etc., at different time intervals (e.g., Ang, 2004; Ang and Liu, 2007; Diakoulaki and Mandaraka, 2007; Lin and Raza, 2020a; Zhao et al., 2023) in the literature due to their desirable properties. Few of the past studies have analyzed countries’ energy efficiency based on decomposition models (Goh and Ang, 2019); however, they missed individual fuel consumption and their efficiency in the process of energy–economic growth. For forecasts and policy estimations, only a few studies have analyzed industrialized countries or regions without using the current factors of this study. On this basis, the present study fills the gap in previous work, observing current progress in the decomposition analysis and reporting the results of the main economic factors and their efficiency. Based on study objectives and motivations, our study answers the following questions: what are the key impacting factors that actually lead to energy and economic activity? What are the factors that decouple coal from economic growth? What has been the relationship between coal production, imports, and consumption since 1986? What are the effects of LHVs and HHVs of fuel in the current period? Which policies are imperative to distinguish fuel and economic sustainability in Pakistan? Thus, the current study will bridge the gaps in the coal sector and encourage evidence-based scientific models that are significantly useful for academics and policymakers, particularly in emerging countries, toward sustainability.
The remaining portion of the study is structured as follows: Section 2 provides the methodologies employed in this study; Section 3 describes data collection and its sources; Section 4 presents the major results; and Section 5 concludes the results and policy implications.
2 RESEARCH AND DATA METHODOLOGY
2.1 Logarithmic mean Divisia index
The LMDI technique can be shown as an extended Kaya identity, which was first established by Kaya (1989). This technique is generally employed to analyze the impacting factors, including energy consumption and pollution emissions (Lin and Raza, 2019). The selected variables (i.e., coal consumption, economic progress, population, and total energy consumption) are significant and define the strength and effects. Thus, the LMDI technique is employed to estimate the variations in various sectors and coal utilization in Pakistan and can be applied to test the economic situation. Therefore, the existing variables are imperative to analyze their relationship because Pakistan’s small economy depends on coal (Lin and Raza, 2020b). Currently, the decomposition can be estimated in two ways: a) structural decomposition analysis (SDA) and b) index decomposition analysis (IDA). IDA has been broadly employed to better analyze trends of influencing factors in energy and emissions, which are consistent with the studies by Wang et al. (2017), Raza and Lin (2019), and Wei et al. (2020), considering time-series statistics is the key benefit of IDA. Furthermore, the IDA method has “two” approaches: a) the LMDI technique and b) the complete decomposition technique. By matching different IDA approaches, Ang (2004) found that LMDI was the best technique. The major advantage of the LMDI method is that it deals with zero-value problems and is also commonly used in energy analysis and its impact on other influencing factors (i.e., CO2, population, energy intensity, etc.). To handle “0” values in the LMDI technique, Ang and Liu (2007) described eight strategies. However, the decomposition model for coal consumption could not include important factors, e.g., the efficiency of coal-fired power generation and share in total electricity, due to the unavailability of information. Thus, we estimated fuel and environmental efficiency for the current period, which could be further analyzed using the decomposition method based on information availability. In the existing research, the LMDI technique is applied to decompose coal utilization into some impacting factors. Regarding the modeling process, coal consumption is an energy-related aggregate, four major factors contribute to variations in coal consumption over time, and an individual factor is linked to a quantifiable variable, whereby there are different variables (i.e., coal, total energy, economic growth, and population). The general IDA identity is given in Eq. 1.
[image: Equation showing carbon consumption (CC) as the sum of individual carbon consumption components. Formula: \( CC = \sum CC^i = \sum \frac{CC^i}{TEC^i} \times \frac{TEC^i}{GDP^i} \times \frac{GDP^i}{POP^i} \times POP^i \).]
[image: Mathematical equation showing capital letters C C equals the sum of E S prime E I prime P G prime P prime.]
where CC, TEC, GDP, POP, and t indicate the coal consumption, total energy consumption, gross domestic product, population, and time in years, respectively. [image: Mathematical equation showing economic stability, \(ES^t\), equals carbon consumption, \(CC^t\), divided by total economic capacity, \(TEC^t\).] is the proportion of coal use to overall energy utilization in year t, [image: It seems like the text did not display an image. Please upload the image file or provide a URL so I can help generate the alt text.] is the energy intensity in time t, [image: Mathematical expression displaying "PG" raised to the power of "t".] is the GDP per capita in year t, and [image: Please upload the image or provide a URL for me to generate the alt text.] is the population in year t.
The variation in coal utilization in Pakistan between 0 and t year (base year to the current year), represented by [image: Mathematical notation showing the symbol for a change in the concentration of a substance over time, denoted as "delta CC subscript zero superscript plus."], could be decomposed into “4” effects:
	[image: A mathematical expression consisting of a delta symbol followed by "CC," with the subscript "ES" and a superscript "t."] presents the changes/variations in the coal share effect.
	[image: Delta CC subscript El.] presents the variations in the energy intensity effect.
	[image: ΔCCT_sub_pg_sup_t, a mathematical notation with a delta symbol followed by C, C, and T in subscript, with "pg" in subscript and "t" in superscript.] presents the variations in the economic activity effect, and
	[image: Delta CCT subscript p.] presents the variations in the energy population effect, as shown in Eq. 3.

[image: Equation showing ΔCC prime equals CC prime minus CC star, which equals ΔCC rest plus ΔCC high plus ΔCC mid plus ΔCC low plus ΔCC p gamma.]
where [image: Please upload the image so I can generate the alternate text for it.] is the change. To analyze each factor’s individual influence, Eq. 3 can be stated in such a way.
[image: The formula depicts a mathematical expression: delta C C R S equals C C superscript r divided by the natural logarithm of C C minus C C superscript zero, multiplied by the natural logarithm of E S superscript r over E S superscript zero. The equation is labeled as equation four.]
[image: Equation depicting ΔCC_EI equals the fraction CC over the natural logarithm of CC minus CC_0, multiplied by the natural logarithm of EF^r over EF^0.]
[image: Equation showing a mathematical formula: ΔCC^R_G equals CC divided by the natural logarithm of CC minus CC^0, multiplied by the natural logarithm of PG prime over PG.]
[image: Formula demonstrating a change in concentration, given by: ΔCC_p = (CC') / (ln(CC' - CC^n)) × ln(P*/p₀).]
The index number form could be as follows:
[image: Equation showing contributions to a total change in CC: \((\Delta CC_{ES} / \Delta CC_{total}) \times 100\% + (\Delta CC_{EH} / \Delta CC_{total}) \times 100\% + (\Delta CC_{PC} / \Delta CC_{total}) \times 100\% + (\Delta CC_{P} / \Delta CC_{total}) \times 100\% = 100\%\).]
2.2 Decoupling analysis
The decoupling method confirms the relationship between the associated variables. As per the statement of various factors shown in Section 2.1, [image: Delta CCT subscript PG.] and [image: Mathematical expression with a delta symbol followed by "CCT" and "p" in subscript.] are the major key drivers driving coal consumption (CC), although [image: Text displaying the formula for change in energy: Delta CCT subscript ES.] and [image: Delta (∆) followed by "CC" and subscript "E" and "I".] are general efforts mentioning all activities directly or indirectly persuading a reduction in coal utilization. Compared with the model by the OECD, Tapio processes the benefits of small data supplies, correct outcomes, and small calculations (Wei et al., 2020). Therefore, this method has been broadly employed to estimate the association between fuel, environmental factors, and economic progress (Qian et al., 2020). Thus, to evaluate the degree to which existing endeavors are effective regarding the dissociation between CC and GDP, the decoupling index from the 0–t year, [image: A mathematical notation showing the symbol "D" with a dagger symbol (†) as a superscript, commonly used to denote the Hermitian adjoint or conjugate transpose of a matrix in linear algebra.], is defined as follows:
[image: Equation showing \( D' = \frac{{\Delta CC_{ES} + \Delta CC_{H}}}{{\Delta CC_{IG} + \Delta CC_{p}}} \), labeled as equation \( 9 \).]
As per the proportion of efforts lessening coal consumption and its leading influences that drive CC and the decoupling standards given by Tapio (2005), eight types of decoupling states are stated in the present study, as shown in Table 1. The annual growth rate of coal consumption is less than or equal to zero, showing that coal use is absolutely decoupled from economic growth.
TABLE 1 | Evaluation criteria of the decoupling indicator.
[image: Table displaying relationships between variables \( \Sigma (\Delta CC^t_{ES}, \Delta CC^t_{EI}) \), \( \Sigma (\Delta CC^t_{PG}, \Delta CC^t_{P}) \), \( D^t \), and their corresponding decoupling states. Eight rows show combinations of greater than, less than, and specific \( D^t \) values leading to states like END, EC, WD, SD, SND, WND, RC, and RD. Definitions of decoupling states are provided in the footnote.]2.3 Fuel efficiency and CO2 emissions
The estimation was conducted by observing the current installed capacity based on its efficiency as per the operation technology. In this way, the analysis is linked with a study by Rocha et al. (2021). The method established is a mechanism to analyze various substitutes from fuel efficiency and environmental viewpoints, showing how coal composition can influence decision-making. The scope for enhancement of the investigation was established with an installed capacity of 186,700 million tons of coal reserved and an LHV and HHV of 174,346 and 239,910 Btu/lb, respectively, as shown in Table 2. Table 2 shows an efficiency range for supercritical and ultra-critical technologies since there is an efficiency range for similar technologies because of additional factors independent of the technology used. However, as per HDIP (2019), investigating the coal-fired plants as a whole, the average value is 0.4, while novel plants might have a maximum capacity factor greater than 0.5; therefore, standardizing the boundary conditions of the research that accepts current units will function on the basis of the country’s structure.
TABLE 2 | Allocation of the efficiency range set for individual estimated technologya.
[image: Table showing coal-fired power plant efficiency by technology. Subcritical has 39% efficiency, supercritical ranges from 41% to 43%, and ultra-supercritical is 44%. A note states the limitation in estimating efficiencies due to unavailable data in Pakistan's energy statistics.]Thus, to calculate the fuel efficiency of the individual set, situations for the enhancement of environmental investigations can be taken as by Eq. 10:
[image: Mathematical equation showing \( e_{\text{fuel}} = PC / (LHV, HHV_{\text{fuel}} \cdot \eta) \). Number ten in parentheses indicates the equation reference.]
where [image: It seems like you've included some text that may not have turned into an image or you intended to share a mathematical equation. Please upload the actual image file or describe the image content for accurate alt text generation.] is the efficiency fuel, [image: Sure, please upload the image you want me to describe.] is the installed power capacity (million tons), [image: The image shows the mathematical notation "LHV" with a subscript "fuel," likely representing the lower heating value of a fuel.] is the lower heating value (Btu/Ib), [image: Mathematical expression showing "HHV" with a subscript "fuel", likely indicating the higher heating value of a fuel.] is the higher heating value (Btu/Ib), and [image: I cannot access the image. Please upload the image directly here so I can help you generate the alternate text.] is the coal-fired power plant efficiency (%). The current work does not estimate the influence of environmental conditions on the loss of efficiency over the lifespan.
Furthermore, the environmental estimation was conducted by estimating the CO2 emissions using the various coal compositions and computing how the plant productivity can support encouraging an energy matrix with a lower intensity of CO2 releases. Thus, the CO2 emissions rate and the emission factors regarding various coal compositions can be calculated by Eq. 11. Eq. 11 makes it probable to obtain the carbon emission rate and the emission factor in million tons. The CO2 releases avoided by the process with maximum efficiency are considered. Further outcomes are discussed in the following section.
[image: Equation for carbon dioxide selectivity: \( S_{\text{CO}_2} = \frac{X_e \cdot f_{\text{fuel}} \cdot M_{\text{CO}_2}}{100 \cdot M_c} \), labeled as equation eleven.]
where [image: I'm unable to view or analyze the image. Please provide a description or upload the image file for assistance with alt text creation.] is the specific CO2 emissions in million tons, [image: Please upload the image or provide a URL for it, and I will generate the alt text for you.] is the % by weight of carbon existing in the elemental chemical composition (i.e., moisture, volatile matter, fixed carbon, ash, and total sulfur), [image: The text image shows the chemical notation \( M_{CO_2} \), representing the molar mass of carbon dioxide.] is the molecular weight of CO2 emission, and [image: It seems there was an error with your image or text. Please try uploading the image again, or provide the URL or any additional context.] is the molecular weight of carbon.
2.4 The data
The study period in the current study is from 1986 to 2019. The present study used yearly time-series data bounding a period of 34 years on the maximum availability of data. Furthermore, the various industries (i.e., cement, brick kilns, Pak steel, power, and domestic sectors) played an active role and mostly motivated the country’s economy. Due to the intensive usage of coal in the cement, brick kilns, and power sectors in Pakistan, the development in these sectors is naturally linked with an increase in coal consumption. As per HDIP (2019), the cement/other sectors consumed the maximum coal by 47.5%, the power sector by 27.4%, and brick kilns by 25% in 2019. All the energy-related data in the existing research are collected from different annual books of HDIP (2019). The measurement unit of energy data is taken as Mtoe. Because of the lack of data on Pakistan’s provinces, i.e., Punjab, Sindh, Baluchistan, Khyber Pakhtunkhwa, Gilgit-Baltistan, and Azad Jammu and Kashmir, this study does not include these six provinces and states. The GDP data are composed of WDI (2020). The unit of GDP is a million USD at a constant 2010 price. Population data are obtained from the World Development Indicators and the Pakistan Economic Survey (2020). All the population data have been arranged in millions. Data related to aggregate coal-fired power plants’ LHV, HHV, coal-installed power capacity, and coal composition are collected from HDIP (2019). The measurement units of LHV and HHV are considered to be Btu/lb, coal power capacity as million tons, and the overall estimated coal-fired plant efficiency and coal composition data as a percent.
3 EMPIRICAL OUTCOMES AND DISCUSSION
3.1 Description of Pakistan’s coal reserves/resources
Pakistan’s coal production, coal consumption, and import trends are shown in Figure 1. It can be seen that coal utilization and coal imports in Pakistan increased by a record after 2014. Coal consumption and imports reached 12.76 Mtoe and 10.32 Mtoe from 1.54 Mtoe and 0.56 Mtoe from 1986 to 2019, with an average rate of 9.6% and 17.4%, respectively. During the period, the increase in coal production did not cause significant fluctuations. In 2019, the indigenous coal production was 2.44 Mtoe, which increased at an average rate of 1.48% from 1986 to 2019. The reason is that since 2014, Pakistan has become a net coal importer, which has stopped indigenous coal production at the demand level. Although coal accounted for exceeding 24.5% of the overall primary energy consumption in 2019, in 1986, 6.15% of coal was consumed by various industrial sectors (HDIP, 2019).
Table 3 shows the available coal reserves in Pakistan during the current period. However, the trend in Figure 1 shows that Pakistan’s coal energy consumption statistics are becoming more and more accurate. Various coalfields have not changed from 2014 to 2019, as per available information because of Pakistan’s high energy crisis; the energy shortfall surpasses 6,000 megawatts (Lin and Raza, 2019). The rapid demand for energy from increasing demographic burdens and extreme industrial development has added to the crisis. Currently, domestic coal plays a small role in the energy mix; notwithstanding, the Thar Desert is one of the biggest underdeveloped coal assets in the world. The annual demand of Pakistan for coal exceeds the supply; therefore, Pakistan depends on foreign coal to satisfy its needs, especially for industrial consumption. Based on the availability of huge coal resources (see Table 3), the aim of emerging Thar coal deposits is to produce energy from Pakistan’s coal assets, to lessen the imported coal dependency, and to add toward bridging the gap between energy demand and supply.
TABLE 3 | Present Thar coal reserves on 30 June 2019 (million tons).
[image: Table showing data on Thar coal field reserves. Blocks include Sinhar Vikian-Varvia, Singharo Bhitro, Saleh Jo Tar, and Sonal Ba, with total field and rest of Thar figures. Columns display area in square kilometers, drill holes, measured, indicated, inferred reserves, hypothetical resources, and total reserves. A note defines terms related to geological assurance, indicating varied coal estimation distances. Source: HDIP.]Thar, with 175 billion tons of coal, is home to the seventh biggest coal mine in the world and is predictable as a merely feasible and supportable outcome of Pakistan’s shortfall. Based on huge field assets linked in energy terms to the collective oil reserves of Saudi Arabia and Iran, they are proficient in generating 100,000 megawatts of electricity for the next 200 years. Based on various blocks/fields, coal drilling, and different reserves, the current situation suggests that a cheap and sustainable energy roadmap for Pakistan is necessary to exploit the utilization of domestic resources in mixed energy. To reduce the energy crisis and increase energy security, the government is also determined to improve coal capacity to approximately 38,000 megawatts by 2047 using the Indicative Generation Capacity Expansion Plan (IGCEP). Moreover, CPEC, worth $46 billion, frequently focuses on energy projects, of which $6.4 billion is bound for coal energy employing clean coal technologies.
Overall, during the study period, the cement sector was the highest coal user (54.3%) amongst all the other subdivisions, i.e., power (27.4%), brick kilns (25%), and coke use (1.7%) in 2019 (HDIP, 2019). In 2019, coal consumption by the power sector increased by 105.6%, the industrial sector by 23.5%, and brick kilns by 14.6% compared to the previous year, 2018. However, the domestic sector stopped coal consumption after 2007, which was 2.33% of the total coal consumption; therefore, the industrial sector is the most nominated end user of coal in the current study. Thus, the share of the remaining sectors remains relatively consistent during the study period and is forthcoming.
3.2 Decomposition analysis
Decomposition outcomes based on the LMDI approach are shown in Table 4. The energy intensity effect ([image: A mathematical expression showing the Greek letter Delta followed by C-E subscript E-I.]) plays a medium role in decreasing coal ingestion except in 1988, 1990, 1993–94, 1998, 2000, 2004–05, 2007–08, 2011, 2013, and 2015–18. The aggregated influence is an upsurge of 22.067 Mtoe, which accounts for 0.023% of the overall coal utilization variation in the total value. Figure 3 shows the trend of Pakistan’s energy intensity (EI) from 1986 to 2019, which presents an overall increase/decrease in EI during the period. The trend of EI can be separated into “four” phases: a stable phase from 1986 to 2001, an increasing phase between 2002 and 2008, a quick decrease phase between 2009 and 2014, and a quick increase phase between 2015 and 2019. The fluctuation in EI can describe why the EI impact plays a positive or negative role during the period. During 2009–2014, the rapid decrease in EI can be credited to the impact of numerous productions and imports from different countries, consistent with the results obtained by Lin and Raza (2021). During the increasing trend from 2015 to 2019, EI may be changed due to the development of urbanization and industrialization (Lei et al., 2014), which needed higher energy-intensive products, i.e., bricks, cement, Pak steel, and power. Moreover, Pakistan’s resource-extensive EG design has not transferred significantly.
TABLE 4 | Decomposition analysis with various factor variations from 1986 to 2019 (unit: %).
[image: A table lists changes in climate components over different periods from 1986 to 2019. Columns include periods, ΔCCTEG, ΔCCTEI, ΔCCTPG, ΔCCTP, and ΔCCTtotal. Nearly every ΔCCTtotal value is 100.000, except in 2009-10, 2010-11, and 2011-12 where notable deviations occur in other columns, reflecting significant variations.][image: Bar chart showing the coal ratio and energy intensity from 1980 to 2019. The bar height represents the coal ratio, which fluctuates and shows an overall increase towards 2019. A line representing energy intensity remains relatively flat throughout the period.]FIGURE 3 | Trend in Pakistan’s energy intensity and coal ratio from 1986 to 2019. Source: author’s calculation.
As shadowed by [image: Delta C C subscript E I superscript t.], the coal share effect ([image: Delta symbol followed by capital letters A, C, C, with a subscript t, and the letters E and S.]) is another factor that increased coal utilization during the maximum period, as shown in Table 4. The aggregated impact is an increase of 365.90 Mtoe, which accounts for 0.38% of the overall coal utilization variation in the entire value. The trend of the coal proportion from 1986 to 2019 is also shown in Figure 3. The trend curve of the coal ratio can be distributed into five phases: a slow and stable phase from 1986 to 1994, a decreasing phase from 1995 to 2000, a rapid growth phase from 2001 to 2008, a fast decreasing trend from 2009 to 2014, and a fast growth phase from 2014 to 2019. As per IEA (2017), the global energy intensity decreased by 12.6% between 2010 and 2016, showing efforts to follow sustainable EG and the environment. From Pakistan’s perspective, as shown in Figures 1, 3, coal consumption, imports, and production decreased substantially during 2009–2014 (HDIP, 2019). Furthermore, in line with IEA (2017), carbon emissions have remained stable at approximately 30–32 billion tons annually since 2010. However, productivity enhancements have decreased energy imports (Lin and Raza, 2020a). The variation in the coal share is the major reason that the proportion of coal plays a major role in increasing coal utilization in Pakistan.
The economic activity effect ([image: Mathematical expression showing delta C C superscript t subscript p G.]) presents an incessant growth in coal consumption in Pakistan except for the following years: 1993, 1997–98, 2008, 2010, and 2019. The aggregated effect is an increase of 235.79 million, which accounts for 0.25% of the overall change during the period. Since economic reforms in the 1960s were initiated in agriculture, education, legal, other trade, and taxation simultaneously, Pakistan has faced spectacular economic growth (Pakistan Bureau of Statistics, 2019). The per capita GDP of Pakistan reached 1,185.45 million USD in 2019 from 663.29 million USD in 1986, with an average yearly growth rate of 0.79%, as shown in Figure 4. The rising per capita GDP is the major driving force for coal consumption during this time (Zhang et al., 2018). Following [image: Mathematical expression showing the delta symbol followed by "CC" raised to the power of "t," and subscript "pg."], the population effect ([image: Mathematical expression showing the change in capital letters C and C subscript p with a delta symbol (Δ) at the beginning and a superscript t at the end.]) is another factor leading to the increased coal consumption. The analysis presents that [image: Mathematical notation with the Greek letter Delta followed by the letters "A", "C", "C", and subscript "p" raised to the power of "t".] led to a progressively increased 216.56 million in 2019 from 95.21 million in 1986, with a yearly average growth of 0.35%, as shown in Figure 4, which could comprehend that the impact of people’s growth also increases coal consumption in Pakistan.
[image: Bar and line graph showing GDP per capita and population growth from 1980 to 2018. GDP, represented by bars, increases steadily. The population, depicted by a line, shows a gradual rise.]FIGURE 4 | Trend in Pakistan’s GDP per capita and population from 1986 to 2019 (Pakistan Economic Survey, 2019-2020; WDI, 2020).
3.3 The decoupling estimations
As per the decoupling index (DI) definition in Section 2.2, DI is stated as the proportion of the total of coal share influence and energy intensity effect [image: Mathematical expression showing the sum over time, denoted by a large summation symbol, of the differences in carbon concentration, ΔCC, for two states: ES and EI, each raised to the power of t.] to the sum of economic activity influence and population effect [image: Mathematical expression displaying the sum of the product of two variables: delta CC subscript PG superscript t and delta CC superscript t subscript P.]. As shown in Table 4, the maximum values of [image: Delta C C to the power of t subscript P subscript G.] and [image: Mathematical expression showing "Delta C C subscript p superscript t".] are positive and show an increasing trend during the selected period. We found only “three” decoupling states during 1986–2019, namely, weak decoupling, expansive negative decoupling, and expansive coupling, as shown in Table 5.
TABLE 5 | Estimation of decoupling states between coal consumption and economic growth in Pakistan from 1986 to 2019.
[image: Table displaying data from 1986 to 2019 detailing periods, calculated values \((\Delta CCE_S, \Delta CCE_H)\), \((\Delta CCF_G, \Delta CCF_P)\), \(D^*\), and decoupling states. Notable entries include high values in 2003-04 and 2017-18, with varying decoupling states like END, WD, and EC. A note explains abbreviations for different decoupling types.]Expansive coupling only appeared in 2001, and the decoupling indicator was −0.31. Expansive negative decoupling occurred in 19 years, 1988, 1990, 1993–94, 1996, 1999, 2002–08, 2010, and 2015–19, and the decoupling indicators were 1.67, 2.83, 1.93, 1.19, 0.60, 1.22, 4.60, 1.31, 5.44, 2.20, 0.51, 1.93, 14.67, 4.97, 5.39, 0.33, 2.76, 5.74, and 13.31, respectively. The coal utilization provided weak decoupling in 13 years, 1988, 1990, 1993–94, 1996, 1999, 2002–08, 2010, and 2015–19, and decoupling indicators were −0.52, −1.80, −1.48, −0.86, −4.11, −2.16, −6.14, −2.85, −12.74, −3.27, −0.76, −3.38, and −2.32, respectively (see Table 5). These results are consistent with the results obtained by Lin and Raza (2020b) and Wang et al. (2017).
The appearance of expansive negative decoupling in 1988, 1990, 1993–94, 1996, 1999, 2002–08, and 2010 can be discussed by the variation in the energy intensity impact and coal share impact, as shown in Table 4. As shown in Figure 3, EI slowly increased to 0.00021 Mtoe/million in 1989–1990 from 0.00020 Mtoe/million. Figure 3shows that the coal ratio also increased during 1989–1990, 1993–1994, 1996, 1999, 2002–08, and 2010 because of fluctuations in energy intensity.
The advancement in 2001 showed expansive coupling, which is also referred to as the variation in [image: Delta C C subscript t subscript p G.] and [image: Text with a delta symbol followed by "CC" and a superscript "t." Below the "t" is the word "ES."]. During 2001, the yearly growth share of per capita GDP touched 145.97 million USD, correspondingly. The proportion of coal use to the overall energy utilization increased to 25.25 Mtoe in this period (HDIP, 2019). Overall, it is observed that the occurrence of expansive coupling in 2001 might be due to the rapid growth in the coal ratio and sluggish decrease in EI, as shown in Figure 3. Moreover, expansive coupling in 2001 led to a sluggish reduction in the coal ratio.
As per Table 4, [image: Delta C C superscript T subscript P G.] and [image: A mathematical expression showing the change in pore collapse resistance, represented as "Delta CC sub p".] play an imperative role in the re-coupling procedure. Weak decoupling appeared in 9 various years, as shown in Table 5. However, [image: Mathematical expression with a delta symbol followed by "CC" with a superscript "t" and a subscript "EI."] influence has decreased sufficiently for decoupling the association between coal consumption and GDP in Pakistan except in 1988, 1990, 1993–94, 1996, 1999, 2002–08, 2010, and 2015–19 during the research period. Finally, the coal share effect is the factor that played an essential role in the “13” years of weak decoupling processes, while expansive negative decoupling outcomes are found in the “19” years. Currently, because of high energy demand and reliance on indigenous energy resources, Pakistan should convert raw coal into clean coal technologies and substitute oil with coal, gas, and renewable energy resources. This decoupling is evident in the latest study by Lin and Raza (2021), who estimated the electricity consumption in Pakistan.
3.4 Environmental analysis
According to Eq. 10 and outcomes shown in Table 6, coal savings are almost linear in their relationship with efficiency at both LHV and HHV coal-fired levels, including subcritical, supercritical, and ultra-supercritical. Thus, fuel conservation can be extrapolated to efficiencies outside the examined range based on a linear regression of the statistics, which is in accordance with the research by Rocha et al. (2021). Moreover, as proved, because of numerous various coal compositions, a calculation on the basis of data estimation would need curve construction and data linearity for every composition under investigation, which makes the specificity of individual coal kinds obvious. Therefore, this piece of evidence should be taken into consideration when deliberating the ecofriendly benefits of employing novel CCTs and technologies for coal production.
TABLE 6 | Saving coal consumption based on different efficiencies and subcritical, supercritical, and ultra-supercritical technologies.
[image: Table comparing efficiency and fuel emission factors for power generation technologies. Subcritical, supercritical, and ultra-supercritical technologies have efficiencies of 39%, 41%, and 44% respectively. Corresponding fuel emission factors (\(e_{fuel}\)) using \(LHV_{fuel}\) are 0.4160, 0.4374, 0.4694. Using \(HHV_{fuel}\), they are 0.3023, 0.3333, 0.3411. Formula for \(e_{fuel}\) is shown as \(PC/LHV_{fuel}\) and \(PC/HHV_{fuel}\) with \(\eta (Mt/Bt)\).]Currently, CO2 emissions signify the largest concern about coal-fired power plants because of their characteristics as gases (Yue et al., 2021). The carbon emissions rate and emission factors relating to different coal compositions (i.e., moisture, volatile matter, fixed carbon, ash, and total sulfur) in Pakistan, which are also released, have advanced technologies that are broadly employed to eliminate these contaminants from the exhaust gas with maximum productivity. However, technologies concerned with CO2 capture machinery are on the way to becoming feasible for implication on a huge scale. As Pakistan’s energy sector has already been going through a transition over the last few years, oil consumption for power production has been substituted by coal (HDIP, 2019). However, it would be wise to widely measure and recognize this evolution in Pakistan, which will influence efforts for environmental degradation, economy, and climate change burdens now and for the coming generations. The cost linked to these advanced systems shows that the way to economic viability also includes plant application and advancement, for instance, ultra-supercritical technology to lessen the condition of the system in a way that the prices linked with the carbon capture could punish economic indicators less intensely (Hammond and Spargo, 2014). Therefore, there are ways to avoid emissions, i.e., the establishment of high-efficiency plants, which are of necessary application in coal-fired plants in reducing emissions and commercial energy needs.
As per Eq. 11, carbon emissions rates based on different coal compositions are given in Table 7. Table 7 shows a significant amount of CO2 emissions for 186,007 million tons of installed coal capacity. It is likely to prove the evaded discharges from various coal compositions under particular conditions of higher efficiency. It is obvious that each composition, e.g., moisture, volatile matter, fixed carbon, ash, and total sulfur, avoids emissions by 1.82, 4.83, 5.16, 1.43, and 0.39 Mt, respectively. Odeh and Cockerill (2008) estimated emissions from coal-fired power plants in the UK using sensitivity analysis at LHV, and Rocha et al. (2021) quantified coal-fired power plant emissions for Brazil using hypothetical analysis of various plants at LHV. The previous estimations are completely different and focused on coal-fired plants, but the various economic factors, coal efficiency, coal composition, and CO2 emissions reduction for Pakistan were not considered; therefore, the wide range recognized for estimation made it conceivable to assume imperative issues. It can be noted that the emission from each composition might be evaded under the condition of 34% efficiency (HHV). Overall, the fuel efficiency and CCTs are highly expressive for embedding power production units and decision-making.
TABLE 7 | Avoidance of the CO2 emission rate and the emission factors concerning various coal compositions.
[image: Table displaying coal composition components and corresponding values. Components include moisture (145.6%), volatile matter (386.7%), fixed carbon (413.3%), ash (114.7%), and total sulfur (31.7%). The CO2 emissions in million tonnes (Mt) are 1.820134, 4.834106, 5.166630, 1.433856, and 0.396279 respectively.]4 CONCLUSION AND POLICY RECOMMENDATIONS
4.1 Conclusion
Using the yearly data from 1986 to 2019, this study syndicates the logarithmic mean Divisia index with the Tapio index model to measure coal consumption into four influencing factors: coal share, energy intensity, economic activity, and population effects. Moreover, it also assessed the decoupling index and the coal consumption in Pakistan associated with economic development. Thus, based on the aforementioned findings, the major conclusions are as follows.
First, the results exhibited a significant (1.34%) reduction in total coal consumption. However, ups and downs existed during the period, but the overall impact was negative, followed by the coal share effect. The population and economic effects slightly increased throughout the entire period, particularly in the current years. The economic share and population effects progressively increased coal consumption by 0.84% and 1.18% over the study period, respectively. Concerning economic development, minimum production adjustments naturally add to decreasing the CO2 emission level; however, the consumption of coal will contribute to enhancing economic development.
Second, expansive negative decoupling is observed in the majority of subperiods, involving 1987–88, 1989–90, 1992–94, 1995–96, 1998–99, 2001–08, 2009–10, and 2014–19. This seemed to be because economic growth rates have slowed down with increased coal consumption. Growth in energy substitution and numerous other government policies likely impacted the huge consumption rate. The expansive coupling occurred only in 2001 because of the rapid growth in coal proportion and sluggish decrease in energy intensity (1.4%), while weak decoupling showed a decoupling association between coal consumption and the economy during 1986–87, 1988–89, 1990–92, 1996–98, 1999–2000, 2008–09, and 2010–14 with a decreasing trend in coal and intensity. This presents that coal share is the only factor that played an imperative role in the weak decoupling process.
Third, the implications of supercritical and ultra-supercritical technologies would provide significant fuel savings and, subsequently, could evade huge CO2 emission releases. It was estimated that the emissions from various coal compositions (i.e., moisture, volatile matter, fixed carbon, ash, and sulfur) could be avoided by 1.82, 4.83, 5.16, 1.43, and 0.39 Mt during the current time. Thus, on the basis of our results, subsequent policy recommendations should be given greater attention.
Finally, many questions remain unanswered, for instance, we use the decomposition and decoupling approaches and compare the different efficiency technologies for saving coal consumption for the current period. The objective is to discuss the coal situation regarding economic and population growth. Thus, in our future work, our research direction is to comprise further factors for long intervals under clean coal technologies and extend the model to a case in which the market demand is impacted by a domestic price on the availability of data on the basis of sector-wise economic efficiency and pollution factors that will check energy substitution and technical change (i.e., clean coal technologies).
4.2 Policy recommendations and discussion
For Pakistan, its growing population and industrialization caused huge energy consumption. Coal is Pakistan’s third primary energy source, having the world’s seventh largest coal reserves in Thar. However, Pakistan is still in the early stages of growing energy security, economy, and urbanization, leading to more coal consumption. Currently, domestic energy resources cannot meet the increasing energy demand due to a lack of technology and infrastructure. To check the energy security and economic situation, we analyzed the association between coal consumption and EG because of an imperative issue. Under the energy-related policies for Pakistan, INDC, Vision-2025 and Pakistan 2025, 2014, Vision-2035, 2014, and coal projects linked to the China–Pakistan Economic Corridor (CPEC) are imperative from energy and economic perspectives. Pakistan, the net coal importer, has directly impacted current reserves (185.175 billion tons) and indigenous coal production (5.8 million tons) to fulfill its industrial needs (HDIP, 2019). Furthermore, the Thar Desert has one of the largest underdeveloped coal reserves in the world, with 175 billion tons. Therefore, for long-run energy security, domestic resources could be utilized. Furthermore, due to its acute energy crisis, the enormous reserves of coal could be utilized to maintain its energy security and industrial needs. Therefore, the following policies might support economic development and environmental protection in the future.
	a) Based on the consumption, production, and coal import situation, Pakistan should promote scientific and technological innovation capacity. Currently, the energy crisis in Pakistan is a serious issue, which could be fulfilled by utilizing national energy resources (i.e., oil, gas, coal, and renewable resources). Moreover, Pakistan is not well-developed in modeling the mining sector, which involves designing, planning, exploration, mine growth, and technical equipment. To meet the huge energy demand, Pakistan should use its indigenous energy resources. With huge coal reserves, the coal import reached 10.32 Mtoe, which is 24% higher than its production (HDIP, 2019). The maximum import is because of the huge demand for different industries in different sectors. Therefore, Pakistan should concentrate on developing clean coal technologies and clean energy sources (i.e., solar, wind, bagasse, and biogas), which will not only enhance the efficiency of firms and energy security but also control pollution and, thus, enhance the economy.
	b) Because EG leads to huge coal consumption, if the Pakistani economy keeps increasing at a maximum ratio over the future, GHG emissions will follow, and the country’s management will continue to encounter the EG–emission dilemma. As coal is the key contributor to GHG emissions, controlling the utilization of coal looks like an effective way to control GHG emissions. To evade the possible interface with EG, GHG emissions reduction might be attained by further promoting the effectual use of coal and implementing advanced carbon capture technologies. The estimations add the renewal of current machinery and foreign technologies, which drive an upsurge in the coal consumption price and, finally, a decrease in pollution. Furthermore, e.g., Pakistan’s decision to diminish its dependence on imported fuel and interchange it with lower-emitting equipment might lead to technical and energy security problems, so this decision might not be feasible in the short term. However, the slow diversification of energy resources might actually improve the energy supply in the long run. In major energy projects based on CPEC, GHG emissions could be controlled by accelerating the expansion of new energy technologies and industries. Furthermore, for energy efficiency, industrialists should be guided about energy conservation.
	c) Scientifically, the ultra-supercritical technology applied by developed nations (i.e., the United Kingdom, China, and Canada) can support the reduction of CO2 emissions and other greenhouse gases (Thitakamol et al., 2007; Raza and Tang, 2022). The implications of pollution control technologies, such as pressurized fluidized bed combustion, electrostatic separators, and zero CO2 emissions technologies, should become common in the future.
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As an important lever for China’s green development strategy, whether the new Environmental Protection Law can effectively form investment incentives for enterprises has attracted much attention and is also an important topic that theoretical research urgently needs to explore. This paper utilizes corporate data from non-financial listed companies in Shanghai and Shenzhen A-shares from 2007 to 2018. By adopting a double-difference model, it explores the incentive role and internal mechanism of the new Environmental Protection Law (EPL), implemented in 2015, as an environmental regulation on the environmental protection investment of enterprises, taking the new EPL’s enactment as a quasi-natural experiment. The study revealed a noteworthy and positive impact on motivation, which remained consistent even after various robustness tests. Additionally, the impact of incentives varied depending on the level of competition within the industry, financial constraints, and ownership type of the enterprises. Investigating the mechanism, it has been discovered that the incentive effect advances the environmental investment of firms through diminishing agency costs, enriching the quality of environmental information disclosure, and facilitating government subsidies to enterprises. This study not only verifies, from the factual empirical level, that environmental regulation policies can promote corporate environmental investment but also provides important evidence to support to a certain extent that the implementation of the new EPL can promote enterprises’ environmental governance behaviors. This article reveals the microeconomic effects of the new Environmental Protection Law from the perspective of corporate behavior strategies, and the research conclusions have important reference significance for the construction of national legal systems and the deepening of green development strategies.
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1 INTRODUCTION
China’s economy has embarked on a fast track of speedy development. It has progressed from a poverty-stricken country to one of the world’s leading economies. The speed of China’s economic development can be termed a “miracle.” The rapid growth of China’s economy has bolstered its comprehensive national power and world status, but while people enjoy a better standard of living, the environment on which they depend is polluted, which has a great impact on their physical and mental health. 2015 had seen many serious haze incidents across China, which has triggered significant environmental concerns. Three years later, the Global Environmental Performance Index (GEPI) was published, ranking 180 countries in terms of their environmental performance, particularly the poorest and most vulnerable. Unfortunately, China’s overall ranking was only 120th out of 180 countries. These facts indicate the severity of China’s environmental problems, which also makes us realize the significance of ecological environmental protection. The 18th CPC National Congress report incorporated the development of ecological civilization into the framework of socialism with distinctive Chinese characteristics for the first time. The 19th CPC National Congress report also put forward the basic strategy of “insisting on the harmonious coexistence of man and nature.” General Secretary Xi Jinping has emphasized the necessity of incorporating the construction of ecological civilization into economic, cultural, political, and social development.
As China attaches greater importance to ecological and environmental protection, environmental regulations have become more stringent. The Environmental Protection Law (1989), China’s program of environmental protection legislation, was enacted in 1989 and played an important role in the early days of environmental control. With the gradual development of the economy and society, environmental resources have become increasingly tense; China began to amend its environmental protection law in 2012 to adapt to the current development situation, and the Standing Committee of the National People’s Congress (NPC) reviewed the draft amendment four times and finally passed the amendment of the Environmental Protection Law in April 2014, and the Environmental Protection Law (EPL) came into force in 2015 officially. Known as the “most stringent environmental protection law in history,” the EPL provides China with a series of targeted enforcement tools to change the status quo. In addition to this, the government has introduced a series of supporting systems to ensure the implementation of the new Environmental Protection Law, and in 2015, the Central Leading Group for Comprehensively Deepening Reform adopted the Program for Environmental Protection Inspectors (for trial implementation). The implementation of the new Environmental Protection Law has shown enterprises and the public that the state attaches great importance to environmental protection and is determined to solve environmental problems, which has played a good role in guiding social awareness of environmental protection.
As the main body of social production, the enterprise’s response to the environmental regulation policy is related to the effectiveness of the environmental regulation policy, and the enterprise’s environmental protection investment fundamentally affects the enterprise’s environmental pollution control activities. In the case of looser environmental constraints, enterprises will not take the initiative to invest valuable funds for environmental protection; however, under the current increasingly stringent environmental regulations, enterprises have to take into account the cost of sewage in the production and investment decisions, actively undertake the environmental responsibility of ecological management, and make the optimal choice regarding the funds invested in environmental R and D. For the improvement of production processes and other measures to alleviate environmental pollution, they have to make the optimal choice—to invest in environmental research and development, production process improvement, and other activities to alleviate environmental constraints.
At present, most of the research in the field of environmental regulation focuses on the effects of green technological innovation and pollution reduction, and there are relatively few articles on environmental regulation on corporate environmental investment. Specifically, in the study of environmental regulation on green technological innovation, many scholars believe that the key to both pollution reduction and economic development is to induce the development, application, and diffusion of green technological innovation within enterprises. Xu and Mao (2022) argued that environmental regulation has a significant positive effect on promoting green technological innovation; Zhang (2022) suggested that environmental regulation is conducive to enhancing the efficiency of resource allocation in addition to promoting the improvement of the level of green technological innovation. Of course, some scholars are opposed to this view, and they think that environmental regulation will increase the burden on enterprises and reduce green technology innovation due to financial constraints. Van Leeuwen (2017) argues that if the economic growth is slow and the innovation capacity is weak, the strengthening of environmental regulation will make the innovation margins not large enough to compensate for the costs, thus squeezing out the enterprise R&D investment and inhibiting the enterprise’s green technology innovation Wu and You (2018) empirically tested that environmental regulation is negatively related to environmental technology innovation. Other scholars believe that the impact of environmental regulation on green technological innovation is not a simple linear relationship (Kuang Chang’e, 2019) but “U” shaped (Zhang et al., 2019a). The most important purpose of environmental regulation is to promote enterprise pollution emission reduction; therefore, many scholars have discussed the issue of whether environmental regulation can promote enterprise pollution emission reduction. Funfgelt and Gunther (2016) argued that environmental regulation makes enterprises increase output and pollution emissions driven by the goal of profit maximization; Li Jiajia (2022) found that environmental regulation significantly promotes enterprise pollution emission reduction through FDI, using FDI as a mediating variable; Zhang et al. (2019a) found that environmental regulation significantly promotes corporate pollution emission reduction, which is consistent with the neoclassical view of the follow-the-cost hypothesis; Xu Jiayun (2022) empirically tested that government subsidies can promote corporate pollution emission reduction through the innovation effect, the scale effect, and the governmental regulation effect; based on the planning of the total control of constrained pollutants, Han Chao (2021) found that control of the total amount of constrained pollutants can promote corporate emission reduction; Zhang Guoxing (2021) studied the impact of heterogeneous public participation on corporate pollution emissions and concluded that public environmental participation characterized by environmental protection letters and visits had no significant impact on pollutant emissions, while public environmental participation measured by NPC deputies’ suggestions and CPPCC members’ proposals had a significant contribution to pollutant emission reduction. Scholars have also studied the effect of pollution emission reduction based on specific policies. Zhang Bing studied the effect of central government environmental protection inspection and supervision on enterprise pollution emission reduction (Zhang Bing, 2018); Ren Shenggang (2019) studied the effect of sewage right trading on enterprise pollution emission reduction; Fan Ziying (2019) studied the effect of the environmental protection court on enterprise pollution emission reduction, proposing that the environmental protection court can enhance the government’s ability to promote pollution emission reduction; Fan Ziying (2019) studied the effect of the environmental protection court on the enterprise pollution emission reduction effect, proposing that environmental protection tribunals can enhance the government’s environmental administrative penalties and public participation in environmental protection, thus promoting corporate pollution management.
For the study of the impact of environmental regulations on firms’ investment decisions, the existing literature focuses on three hypotheses: namely, the pollution paradise hypothesis, the factor endowment hypothesis, and the porter hypothesis. In the literature related to this paper, Gray was the first to study the impact of environmental regulation on firms’ environmental investment, and it was argued that when the intensity of environmental regulation is low, firms usually prefer to violate environmental regulations and maintain smaller environmental investments, but when the intensity of environmental regulation increases and the cost of violating the law for firms increases, firms will choose to comply with the environmental regulations and increase their environmental investments in order to reduce the legitimate risks (Gray, 1996); Daan (1996) concluded that high intensity of environmental regulation is a good way to reduce the risk of environmental pollution; Daan’s study concluded that high-intensity environmental regulation may slow down the investment of environmental protection expenditures by firms (Van Soest, 2005); Liu Chuanzhe (2019) concluded that environmental regulation has a threshold effect on environmental protection investment; Raphael further explored the impact of heterogeneous environmental regulation on firms’ environmental protection investment, and he argued that for market-type environmental regulation, it is difficult to make timely and effective adjustments in response to market conditions, and for command-type environmental regulation, it is difficult to make timely and effective adjustments to market conditions. Raphael further explored the impact of heterogeneous environmental regulation on corporate environmental investment and argued that market-based environmental regulation faces difficulty in making timely and effective adjustments to market conditions, while command-based environmental regulation has greater flexibility in promoting corporate environmental investment (Calel, 2011). Some other scholars have also studied the mechanism of its impact. Li and Tian, (2016) concluded through empirical research that market competition contributes to the promotion of environmental regulation on enterprise investment; Qin Yu (2020) argued that strengthening of environmental regulation will motivate enterprises to replace environmental protection inputs with more technological innovations, but financing constraints will weaken this substitution behavior; Yang Liuyong (2021) explored the impact of central environmental protection inspection on the mechanism of enterprise environmental protection investment and found that with the central environmental protection supervision on enterprise environmental protection investment, it is difficult to make effective adjustments to the market situation in a timely manner. It was found that the compliance effect represented by the enhancement of environmental penalties is the main mechanism of the central environmental protection inspection to promote enterprise environmental protection investment, while the incentive effect represented by government environmental protection subsidies is not significant; Duan Qunqi and Xu Sailan (2021) found that the fulfillment of corporate social responsibility plays a partly intermediary role in environmental regulation and enterprise environmental protection investment; Liu Yuanyuan (2021) conducted a study based on the new Environmental Protection Law as a quasi-natural experiment, in which executive compensation plays a mediating role, the higher the sticky level of executive compensation or the higher the degree of equity incentives, the greater the enhancement of environmental investment. These articles provide innovative ideas for academic research on environmental regulation on corporate environmental investment, which is of some reference significance to this study. However, the environmental regulation in the above literature mostly focuses on carbon emission trading and emission trading as well as a variety of environmental taxes, but there is very little research on the impact of environmental laws and regulations on environmental regulation on the behavior of the society and enterprises and the impact of environmental laws and regulations on the agency cost, the government’s environmental protection subsidies, and the quality of environmental information disclosure. The role of environmental laws and regulations in agency costs, government environmental subsidies, and the quality of environmental information disclosure has not been scientifically assessed, and the field is still to be fully explored. Therefore, it is important to explore what the government can do to motivate enterprises to take the initiative to carry out pollution reduction activities and invest funds in environmental protection R&D and other activities for the current environmental governance as well as environmental transformation and upgrading. What we would like to explore is whether the new Environmental Protection Law, as a program document for environmental protection, can promote investment in environmental protection by enterprises. If so, what is the mechanism of its action?
In order to make a positive exploration in this field, this study selects A-share listed companies in Shanghai and Shenzhen from 2007 to 2018 as the research sample and employs the double-difference model (DID) to systematically examine the incentive effect and transmission mechanism of the new Environmental Protection Law on corporate environmental protection investment from a micro perspective. Relative to the existing research literature, the possible marginal contributions of this study are as follows: 1) Taking the new Environmental Protection Law-Enterprise Environmental Protection Investment as the logical starting point, it explores the role of the implementation of the new Environmental Protection Law on enterprise environmental protection investment, enriches the related literature on the study of the impact of environmental regulation on social and corporate behavior, and provides important evidence that the implementation of the new Environmental Protection Law can promote corporate environmental governance behavior support. 2) This paper makes use of the double-difference model, which reduces the possible endogeneity problem of the study to a certain extent. Referring to the latest research on the mediation effect, the two-step method is used to explain the mediation effect, which mitigates the bias of causal inference, and the robustness test and heterogeneity analysis also enhance the credibility of the conclusions of this study in various ways. 3) From different perspectives, we identify the mechanism of the new Environmental Protection Law affecting enterprises’ environmental protection investment, which enriches the content of the study on the impact of environmental regulation on enterprises’ environmental protection investment behavior and, at the same time, provides an effective way to promote the formation of the “government + enterprise + social public” joint supervision and constraint model, promote green transformation and upgrading, and guide the healthy and sustainable development of the socio-economics and the environment. It also provides an effective basis for decision making.
The remaining parts of this article are organized as follows: The second part introduces the changes in the new Environmental Protection Law compared to the old laws, analyzes the changes and reasons for enterprises’ environmental investment after the promulgation of the new Environmental Protection Law, and proposes four corresponding hypotheses. The third part constructs an econometric model and describes data sources and summary statistics. The fourth part empirically tests the hypothesis using data. The fifth part is the conclusion.
2 POLICY CONTEXT AND THEORETICAL ASSUMPTIONS
2.1 Overview of the policy context
The basic law on environmental protection currently in use in China is the new Environmental Protection Law implemented in 2015, which is the latest revision of the Environmental Protection Law (1989), the program legislation on environmental protection enacted in 1989. Compared with the previous environmental protection law, the new environmental protection law has greatly enhanced the binding force on environmental pollution from three aspects of pollution behavior: the first is to strengthen the environmental protection performance assessment of government departments, thus strongly prompting government officials to strengthen the control of polluting enterprises, and the enterprises in turn to make the fastest and most effective response to increase the amount of investment in environmental protection, so as to effectively achieve the effect of both reducing environmental pollution and enhancing the competitiveness of enterprises. The second aspect is to enhance the competitiveness of enterprises; it also strengthens the environmental protection performance assessment of government departments. The second aspect is that the fines for polluting enterprises have been strengthened, such as the policy of imposing daily fines without capping, and coupled with appropriate incentives for enterprises to reduce emissions; enterprises have been prompted to increase their investment in environmental protection, thus effectively reducing environmental pollution. The third aspect is that the new Environmental Protection Law mentions pollution reduction through public participation, the premise of which is to let the public know the relevant information about the enterprise’s environmental protection, i.e., to promote the enterprise’s investment in environmental protection governance through environmental information disclosure, thus achieving the effect of pollution reduction. As the most stringent environmental protection law in history, what is the effect of the New Environmental Protection Law on the impact of environmental pollution? In this paper, we use three waste emissions to analyze, respectively, the total national wastewater emissions, sulfur dioxide emissions in waste gas, and smoke and dust emissions in waste gas. As shown in Figure 1, we found that during the period from 2008 to 2015, the growth rate of national wastewater emissions showed a downward trend, but the total amount is still on the rise, indicating that before the implementation of the new “Environmental Protection Law,” China’s environmental protection policy to reduce the effect of pollution was relatively weak and could not stop the deterioration of environmental pollution. After the implementation of the new Environmental Protection Law in 2015, the discharge of wastewater began to decrease year by year, especially after 2017, considering the implementation of the policy had a certain lag, indicating that the harsh measures of the new Environmental Protection Law played a key role. Figure 2 mainly shows the national emissions of sulfur dioxide in the exhaust gas. It can be seen that in 2015, the emissions of sulfur dioxide decreased sharply, and the preliminary judgment is likely to be the promotion of the new Environmental Protection Law on the environmental protection investment of enterprises, which reduces the emissions of sulfur dioxide. Figure 3 shows the time trend of the national exhaust smoke (powder) dust emissions. It can be roughly seen that since the implementation of the new Environmental Protection Law in 2015, there has been an accelerated reduction in the emissions of smoke (dust) in the national exhaust gas, from a peak in 2014 to a low level in 2019. The decrease might be due to the implementation of more effective dust control measures, technology upgrades, or a decrease in industrial activities. It is also possible that the industry underwent a transition toward cleaner and more environmentally friendly production methods. The implementation of the new Environmental Protection Law has accelerated the reduction of smoke (dust) emissions in the exhaust gas.
[image: Line graph showing national wastewater discharge from 2008 to 2019 in hundred million tons. Discharge steadily increases from 2008 to 2014, peaks around 7 million tons in 2016-2017, then sharply declines in 2018 and 2019.]FIGURE 1 | National wastewater discharge.
[image: Line graph showing national emissions of sulfur dioxide from exhaust gases, measured in ten thousand tons, from 2008 to 2019. Emissions decrease from approximately 2,500 to 1,500 over the period.]FIGURE 2 | National emissions of sulfur dioxide from exhaust gases.
[image: Line graph showing national emissions of smoke (dust) from exhaust gases in ten-thousand tons from 2008 to 2019. Emissions start at around 1400 in 2008, peak above 1600 in 2013, and decline to below 1200 by 2019.]FIGURE 3 | National emissions of smoke (dust) from exhaust gases.
2.2 Rationale and policy logic
Under environmental regulation, the trade-off between the cost of environmental governance and the cost of environmental violations is a key factor in determining whether an enterprise chooses to invest in environmental protection. Among them, environmental governance costs are the costs of equipment and technology purchased or manufactured by firms to reduce environmental pollution; environmental violation costs are the costs incurred by firms for violating environmental regulations, including fines for violating the law, financing constraints, and firm value and reputation. The “rational” corporate decision making with profit maximization as the main objective depends on the comparison between the two, and when the cost of corporate environmental governance is greater than the cost of corporate environmental violations, the enterprise would rather choose to violate the law; however, when the cost of environmental violations is greater than the cost of environmental governance, the enterprise will invest funds in environmental governance to minimize the cost of the enterprise. Specifically, the implementation of the new Environmental Protection Law affects the increase of corporate environmental protection investment in three main channels: first, it is conducive to the increase of strong external supervision and constraint mechanisms, strengthening the environmental management behavior of corporate agents, thus alleviating corporate principal–agent conflicts and reducing corporate agency costs; second, it is conducive to the strengthening of environmental information disclosure and the transmission of information to the public through the system of evaluation of corporate social responsibility, thus increasing the reputation value of law-abiding enterprises. Third, it is conducive to increasing the government’s financial subsidies to enterprises and strengthening the subsidies and incentives for enterprises to reduce pollution and emission. Specific research mechanisms and hypotheses are proposed as follows.
First, under the separation of control and ownership, corporate management may follow the principle of maximizing personal interests rather than maximizing corporate value. On the one hand, managers negatively engage in pollution reduction and emission reduction activities that require long-term and large capital investment in order to build their personal empire, increase on-the-job consumption, and other private gains (Cui, Guanghui, and Jiang, Yingbing, 2019); on the other hand, corporate managers divert environmental protection investments as production inputs, which can stimulate short-term performance and increase their personal compensation, thus ignoring the creation of long-term corporate value. After the implementation of the new Environmental Protection Law, the government has increased pollution monitoring and pollution penalties, forming an external monitoring and constraint mechanism for heavily polluting enterprises; shareholders also realize that environmental risks may bring serious losses and will set up an incentive mechanism for environmental performance within the enterprise. Supervision and constraint mechanism and incentive mechanism can effectively inhibit the self-interest motivation of managers, guide managers to strengthen the enterprise’s environmental management level, reduce the enterprise’s environmental risk, and then, alleviate the principal–agent conflict between the shareholders and managers, reduce the enterprise agency cost, and bias the enterprise value maximization; in addition, the savings in the enterprise agency cost can be used to increase the enterprise’s environmental protection investment. Therefore, this paper proposes hypothesis 1.
Hypothesis 1. The new Environmental Protection Law promotes firms to increase environmental investments by reducing agency costs.
Second, with the increasing prominence of environmental problems, the form of supervision of enterprises has changed from the supervision of government environmental protection departments mainly to the common supervision of the whole society, and the disclosure of environmental information has become an important link for enterprises to accept social supervision and assume social responsibility (Zheng Jianming, 2017). According to the relevant provisions of the new Environmental Protection Act, public supervision has been incorporated into the act, and the public’s environmental supervision of enterprises has been realized through the means of environmental information disclosure. This practice has greatly alleviated the problem of information asymmetry, thus reducing the cost of supervision. Before the introduction of the new Environmental Protection Act, enterprises were reluctant to disclose their environmental protection information to the public in order to obtain additional benefits from over-standard emissions and would even face mandatory legal constraints by whitewashing their environmental protection information and using vague descriptions. After the introduction of the new Environmental Protection Law, companies need to comply with the legal norms to disclose their environmental information to reduce the risk of being penalized. At the same time, the disclosure of environmental information also allows the relevant stakeholders of the enterprise to understand the enterprise’s situation in environmental protection, which brings the enterprise a good brand reputation as well as the enhancement of the company’s value (Ren Li, 2017). Therefore, this paper proposes hypothesis 2.
Hypothesis 2. The new Environmental Protection Law prompts firms to strengthen the quality of environmental information disclosure, thus forcing firms to increase their investment in environmental protection.
Once again, the production and investment activities of enterprises are inevitably affected by corporate financing constraints and intra-enterprise cash flow, and the sources of funding for enterprises include, in addition to market-based financing channels, financial incentives and subsidies provided by the government to enterprises. The new “Environmental Protection Law” stipulates the following: for enterprises, institutions, and other production operators, regarding the pollutant emissions in line with the statutory requirements on the basis of further reducing pollutant emissions, the government shall, in accordance with the law, take financial, tax, price, government procurement, and other aspects of the policies and measures to be encouraged and supported; the provisions of this greatly increased the strength of the government regarding the enterprise’s financial subsidies to guide the enterprise to actively carry out environmental protection investment activities. Therefore, this paper proposes hypothesis 3.
Hypothesis 3. The new Environmental Protection Law will increase the government’s financial subsidies to enterprises for environmental protection, thus guiding them to invest in environmental protection.
Finally, based on the national level, the effect of the new Environmental Protection Law on different enterprises varies somewhat due to the intensity of industry competition, the degree of enterprises’ financing constraints, and the nature of enterprises. From the perspective of industry competitive intensity, as enterprises in different industries have different industry competitive intensities, the competitive intensity of the industry will largely have an impact on the investment decisions of enterprises. If the industry occupies a monopoly position in the market, the enterprise has the market pricing power so that it can obtain excessive profits through the monopoly position of the industry, and it has less need for environmental protection subsidies and the support of other relevant stakeholders, so there is a relative lack of environmental protection investment incentives. On the other hand, in more competitive industries, companies need to improve their reputation and corporate value to gain competitiveness, and thus, they have a stronger willingness to invest in environmental protection activities. Therefore, differences in the intensity of industry competition will lead to different effects of the new Environmental Protection Law on different enterprises. From the point of view of the degree of enterprise financing constraints, since the enterprise’s environmental protection investment is characterized by uncertain returns, when financing constraints are tight, enterprises will prioritize the investment of funds into other production activities of the enterprise, whereas when financing constraints are looser, enterprises will choose to invest part of their funds into environmental protection governance and increase environmental protection investment. Therefore, the difference in the degree of enterprise financing constraints will lead to different effects of the new Environmental Protection Law on different enterprises. In terms of the nature of enterprises, they are divided into state-owned enterprises (SOEs) and non-state-owned enterprises. China’s policy preferences and various resource subsidies will, to a certain extent, give priority to state-owned enterprises and provide sufficient funds for their production and R&D activities. In addition, the government will further urge SOEs to carry out pollution reduction activities and increase environmental protection investment. Therefore, the differences in the nature of enterprises will lead to different effects of the new Environmental Protection Law on different enterprises. As a result, this paper proposes hypothesis 4.
Hypothesis 4. The effect of the new Environmental Protection Law on a firm’s environmental investment will vary depending on the intensity of competition in that firm’s industry, the degree of financing constraints, and the nature of its ownership.
3 STUDY DESIGN AND DATA SELECTION
3.1 Modeling
3.1.1 Baseline model
Our new Environmental Protection Act was revised from 2012, and the revision of this law was passed in April 2014 and officially implemented in 2015. Therefore, we view the implementation of the Act in 2015 as a quasi-natural experiment and use the double-difference method to test whether there is a significant difference in the environmental investment of firms in the treatment and control groups before and after the introduction of the new Environmental Protection Law. The model set up is as follows:
[image: Mathematical equation representing a linear regression model. It includes terms for the intercept, a difference-in-differences variable, a control variable, time fixed effects, entity fixed effects, and an error term.]
In Eq. 1, [image: Please upload the image you would like me to create the alternate text for.] is the explanatory variable to measure the level of corporate environmental investment. [image: It seems there was an error in your request, as no image was uploaded. Please upload the image or provide the URL, and I can help generate the alt text for it.] is the core explanatory variable, [image: Equation representing a difference-in-differences model: "DID sub ct equals ind sub c multiplied by year sub t", where "DID" is differentiated by context variables \( c \) and \( t \).]; during the sample period, if c is a high-pollution industry firm, then [image: The mathematical expression "ind subscript c".] = 1, and the vice versa is 0; when the year is greater than 2015, the [image: The text displays the variable "year" with a subscript "t" followed by an equals sign and the number one.], and when the year is smaller than 2015, [image: It seems like you tried to upload an image, but it did not go through. Please try uploading it again, and I will help generate the alternate text.]. The treatment group in this paper is high-pollution industry enterprises, and the control group is non-high-pollution industry enterprises. The subscripts c and t represent the industry and time, respectively. [image: The text "Control" is in italic font with a subscript "ct". The text appears to be slightly blurred.] denotes control variables that vary with industry and time, [image: The symbol "η" followed by a subscript "c" represents a mathematical or scientific notation, often used to denote efficiency in contexts such as thermodynamics or physics.] denotes industry-fixed effects, [image: It seems there might have been a mistake in providing the image. Please make sure to upload the image file or provide a URL so I can generate the alternate text for you.] denotes time-fixed effects, and [image: Sure, please upload the image or provide a URL for me to generate the alternate text.] denotes the error term, where the coefficient [image: Certainly! Please upload the image or provide a URL for it.] of the new Environmental Protection Law is the size of the impact of the new Environmental Protection Law on corporate environmental investment. If [image: It seems like there is no image uploaded. Please ensure to upload the image or provide a URL for alt text generation. You can also add a caption for more context.] is greater than 0, it means that the new Environmental Protection Law has a positive impact on corporate environmental investment, and vice versa has a negative impact.
3.1.2 Mediation effect model
In order to further explore the mechanism for enterprises to increase environmental protection investment, this paper constructs a mediation effect model to verify the channels through which the new Environmental Protection Law influences enterprises to increase environmental protection investment, so as to construct the following equations:
[image: Mathematical equation for a linear regression model: ln_invest equals beta_0 plus beta_1 times DID_it plus beta_2 times Control_xt plus eta_c plus gamma_t plus epsilon_it, labeled as equation two.]
[image: Mathematical equation displaying a regression model with variables. It reads: \( M_{it} = \alpha_0 + \alpha_1 DID_{it} + \alpha_2 control_{it} + \eta_t + \gamma_i + \epsilon_{it} \).]
As mentioned before, the new Environmental Protection Law will promote corporate environmental investment by reducing agency costs, promoting the quality of environmental information disclosure, and increasing government subsidies to enterprises; therefore, this paper selects [image: It seems there's no image provided. Please upload the image, and I'll create the alternate text for it.] as a mediating variable to portray agency costs, environmental information disclosure quality, and government subsidies. After controlling the interference of other factors, if the [image: If you have an image you'd like me to generate alt text for, please upload it or provide a URL.] significant is positive, it indicates that the new Environmental Protection Law has a significant positive impact on corporate environmental investment, and if [image: Please upload the image or provide a URL for me to generate the alternate text.] is significant, it indicates that the new Environmental Protection Law has an effect on the mediating variables.
3.1.3 Heterogeneity test model
In order to further explore the differences in heterogeneity of the NEPA in different contexts, the above model was further extended to construct the following model:
[image: Equation showing a linear regression model. It expresses Log of investment (\(Ln.Invest\)) as a function of \(DID_{zt}\times HHI\), control variables (\(Control_{zt}\)), with coefficients \(\beta_0, \beta_1, \beta_2\). Additional terms include \(\eta_t\), \(\gamma_z\), and error term \(\epsilon_{zt}\). Equation numbered as (4).]
[image: Mathematical equation illustrating a regression model: \( \text{Ln\_invest} = \beta_0 + \beta_1 \text{DIDtc} \times \text{FC} + \beta_2 \text{Controlxt} + \eta_t + \gamma_t + \epsilon_{xt} \). Equation labeled as (5).]
[image: Mathematical formula depicting a regression equation: ln_invest equals β₀ plus β₁ multiplied by DIDᵢₜ multiplied by STO plus β₂ multiplied by Controlᵢₜ plus ηₜ plus γᵢ plus εᵢₜ. Equation number six.]
Among them, Eq. 4 mainly explores the influence of inter-industry competition intensity on the extent of the effect of the policy of the New Environmental Protection Law, and this paper uses the Herfindahl–Hirschman index to measure the intensity of inter-industry competition; the larger the Herfindahl–Hirschman index, the higher the industry concentration of the industry, and the greater the intensity of the industry competition; Eq. 5 mainly explores the degree of financing constraints on the size of the effect of the New Environmental Protection Law policy. This paper uses the KZ index and the SA index to measure financing constraints (FCs). This paper uses the KZ index and the SA index to measure the financing constraint (FC). Equation 6 mainly explores the influence of enterprises of different natures on the policy effect of the New Environmental Protection Law, in which the STO data are manually collected in this paper on whether the listed enterprises are SOEs and then matched to the original data.
3.2 Data sources and processing
This paper takes the corporate data of non-financial listed companies in Shanghai and Shenzhen A-shares from 2007 to 2018 as the initial sample to assess the policy effect of the new Environmental Protection Law on corporate environmental investment. The paper deletes the samples of exiting the market as well as financial companies during that period for the following main reasons: first, because financial companies and non-financial companies have very different ways of conducting business, and financial companies do not have environmental pollution problems, which will not have an impact on the results of this paper; second, the banking companies of the financial enterprises are the related parties of this paper, which cannot be used as the samples of this paper; in addition, the samples of the corporate executive members are eliminated, and samples with unknown background disclosure are also excluded. The financial data of this paper mainly come from the Wind database, and the data of enterprise environmental protection investment come from the disclosure report of listed companies. The definitions of relevant variables are shown in Table 1, and the specific explanations are as follows:
	(1) Explained variable: Corporate environmental investment, expressed as the logarithm of the environmental investment data of listed companies, which is expressed as ln_invest in this paper.
	(2) Explanatory variables: The implementation of the new Environmental Protection Law is represented by the interaction term of the industry dummy variable ind and the time dummy variable year, i.e., ind * year specifically, according to the industries listed by the Ministry of Environmental Protection (MEP) in 2010 that require environmental information disclosure, including thermal power, iron and steel, cement, electrolytic aluminum, coal, metallurgy, chemical industry, petrochemical industry, building materials, papermaking, brewing, pharmacy, fermentation, textile, mining, tannery, and other 16 types of polluting industries, and then, they are manually compared. Enterprises belonging to the above industries are highly polluting industries, ind is taken as 1, and the ind of enterprises not belonging to the above highly polluting industries is taken as 0. The year before the implementation of the policy of the new Environmental Protection Law in 2015 is 0, and the year after the implementation of the policy of the new Environmental Protection Law in 2015 is 1.
	(3) Mechanism variables: For agency cost, this paper refers to the approach of the work of Wang (2021), which is expressed by administrative expenses/gross operating income. The larger the value, the higher the agency cost of the firm. For environmental information disclosure, this paper refers to the approach of the work of Kim (2001), expressed by the KV index. The smaller the KV index, the higher the quality of environmental information disclosure. Government grants are derived from the company’s annual report. In this paper, the logarithm of the amount of government grants is chosen to measure.
	(4) Moderating variables: The Herfindahl index is commonly used to measure the degree of competition in the industry. Its formula is HHI = sum [(Xi/X)^2]. This paper’s Herfindahl index has four kinds of measures, i.e., A, B, C, and D, using a different indicator of the calculation of the substitution of X. HHI (A) uses the main business income of individual companies to calculate their share of the market share of the industry, where Xi is the main business income of a single company, X is the total main business income of the industry to which the company belongs, and (Xi/X) is the industry market share accounted for by the company. The Herfindahl index HHI (B) uses the book value of a single company’s ownership interest to calculate its industry market share. The Herfindahl index HHI (C) uses the total assets of individual companies to calculate their industry market share. The Herfindahl index HHI (D) calculates the industry market share using the revenue of individual companies. In order to make the results more robust, this paper adopts the KZ index and the SA index to measure the degree of financing constraints, in which a larger KZ index means that listed companies face a higher degree of financing constraints and lower financing efficiency (Kaplan, 1997). The SA index takes a negative value in general, and the larger the absolute value of the value taken, the higher the degree of financing constraints (Hadlock, 2010). In our calculation, we took the absolute value of the SA index.
	(5) Control variables: This paper selected enterprise size, enterprise debt ratio, Tobin’s Q, return on total assets, capital intensity, the ratio of the first largest shareholder, the proportion of independent directors, and the size of the borrowing as control variables. Among them, the enterprise scale is expressed by the natural logarithm of the total assets of the enterprise, and larger enterprises have higher willingness to make more stable environmental protection investments for the sustainability of their own development; Tobin’s Q value is the ratio of the market value and replacement cost of the enterprise. The higher the Tobin’s Q value of the enterprise, the higher the value of the enterprise, which affects the strength of environmental protection inputs; the return on total assets is expressed by the ratio of the enterprise’s net profit to its total assets, and capital intensity is expressed by the ratio of the total assets to operating income, which is the ratio of the total assets to operating income. Total return on assets is represented by the ratio of net profit to total assets, capital intensity is represented by the ratio of total assets to operating income, debt ratio is represented by total assets and liabilities/total assets, shareholding of the largest shareholder is represented by the shareholding of the largest shareholder as a proportion of the total share capital, the proportion of independent directors is represented by the number of independent directors as a proportion of the total number of board of directors, and borrowing scale is represented by the number of borrowings/total assets.

TABLE 1 | Definitions of relevant variables.
[image: A table lists variables related to enterprise environmental protection investment. Columns include: Variables (units), Variable properties, Notation, and Definition. Variables range from "Enterprise environmental protection investment (million yuan)" to "Nature of enterprise", with properties like explanatory, control, and moderator variable. Notations are provided, such as ln_invest and Year, with definitions explaining each variable's purpose and calculation method.]This paper will discuss the relevant variables for descriptive statistics, such as Table 2. First, this paper’s explanatory variable enterprise environmental protection investment has a sample size of 4,524. The average value is 16.41, the minimum value is 16.3, the maximum value is 23.50, and the median is 16.30. The analysis found that the average value, the minimum value, and the median are concentrated at an approximate value of 16.30; that is, the majority of the enterprise environmental protection investment levels are left-biased, but the difference between the minimum value and the maximum value is approximately 7. There is still a relatively large difference between enterprises with high environmental protection investment and enterprises with low environmental protection investment. In the descriptive statistics, it can be seen that the SA index is positive; i.e., this paper took the absolute value. In addition, the maximum value of the four measures of the Herfindahl index is 1, which means that there is an exclusive monopoly enterprise in the sample, and the minimum value of IP is negative, which indicates that there are enterprises whose net profit is a loss. There is not much difference between the mean and the median of the other control variables, which is basically consistent with the established research.
TABLE 2 | Descriptive statistics.
[image: A table displaying various statistical data for different variants. Columns include: Variant, Sample size, Average value, (Statistics) standard deviation, Minimum value, Median, and Maximum values. Variants such as "ln_invest" and "SA" are shown, each with corresponding statistical figures across the columns. The table provides detailed information on the distribution and variability of each variant's data.]4 EMPIRICAL RESULTS AND ANALYSES
4.1 Benchmark regression analysis
4.1.1 DID model regression analysis
Based on the baseline regression (1), Table 3 shows the regression results of the DID model of the implementation of the new Environmental Protection Law and the environmental protection investment of high-polluting enterprises, in which columns (1) and (2) are the OLS estimation results of this paper and columns (3) and (4) are the FE estimation results of this paper. Column (1) does not include the control variables, and the coefficient of the OLS result estimation is 0.851 and is significant at the 1% level. Column (2) adds control variables to column (1), and its OLS estimated coefficient is 0.742 and is significant at the 1% level. Columns (3) and (4) are FE estimations. Column (3) does not add control variables, and its estimated coefficient of FE is 1.178 and is significant at the 1% level. Column (4) adds control variables to column (3), and its estimated coefficient of FE is 0.926 and is significant at the 1% level. As can be seen from Table (3), all four regressions are significantly positive, and the coefficients do not differ much, indicating that the baseline regression results are robust, and regardless of whether control variables are added or not, the new Environmental Protection Law can significantly promote the level of corporate environmental protection investment, which verifies Hypothesis 1 in the previous section.
TABLE 3 | Results of did model regression analysis.
[image: Statistical table displaying regression results across four models: two Ordinary Least Squares (OLS) and two Fixed Effects (FE). Each model includes coefficients for "did" and "_cons" with respective t-statistics in parentheses, showing significance levels. The control variable is "clogged," with "be" indicating presence in columns. Industry and time fixed effects are noted. Sample size (N) and R-squared (R²) values are listed for each model. Significance levels are indicated by asterisks, with explanations below the table.]4.1.2 Parallel trend test
The parallel trend test is an essential prerequisite for the use of the double-difference method, which requires that the explanatory variables in the treatment and control groups must maintain a common development trend before the policy is implemented. This paper uses event analysis to verify whether the parallel trend test holds.
As can be seen from Figure 4, in the year before the implementation of the new Environmental Protection Law, the regression results are not significant, and the regression results are significantly positive after the implementation of the new Environmental Protection Law, indicating that the implementation of the new Environmental Protection Law in the year of the new Environmental Protection Law significantly promotes the amount of corporate environmental protection investment, and this effect has been maintained after that, which indicates that the new Environmental Protection Law has a stable and positive impact on corporate environmental protection investment, and it satisfies the premise of the double-differential parallel trend test.
[image: Line graph with error bars showing data points at six intervals: pre_2, pre_1, current, post_1, post_2, and post_3. The y-axis ranges from -1 to 3, crossing a red horizontal line at 0.]FIGURE 4 | Parallel trend test.
4.2 Further robustness tests
In this study, the robustness test is conducted in four ways: placebo test, changing the sample period, considering serial autocorrelation issues, and substituting the dependent variable to enhance the persuasiveness of the baseline regression analyses.
4.2.1 Placebo testing
The placebo test in this paper refers to the one used by Ferrara et al. (2012). In order to exclude the environmental investment incentive effect of the new EPA from being confounded by other unobserved omitted variables, the indirect test is conducted by randomly selecting 16 samples from the full sample as the treatment group while using (4) in Table 3 as the baseline regression for the robustness test. To further improve the identifiability of the placebo test, this randomization process is repeated 500 times in this paper. Figure 5 reports the probability density distribution of the estimated coefficients, and it can be found that the randomly assigned estimates are centrally distributed around 0. The fact that the baseline estimates lie outside the entire distribution suggests that there is no policy effect of the virtually established new Environmental Protection Law and, conversely, that the new Environmental Protection Law, which was implemented in 2015, promotes firms’ investment in environmental protection in a significant way.
[image: Kernel density estimate graph showing a bell-shaped curve centered on zero, indicating coefficient estimation. The x-axis represents coefficient estimation, and the y-axis shows probability density. A red vertical line marks zero. Kernel: Epanechnikov, bandwidth: 0.0143.]FIGURE 5 | Probability density distribution of estimated coefficients.
4.2.2 Change of sample period
In order to further test the robustness of the regression results, this paper adopts the method of changing the sample period for the robustness test, i.e., assuming that the time point of the occurrence of the new Environmental Protection Law is changed to 2014, setting the YEAR that is greater than 2014 as 1 and the YEAR that is less than 2014 as 0, and re-estimating the baseline regression. If the regression results are still significant, it indicates that the above baseline regression results are not robust enough. If the regression results are not significant, it indicates that the benchmark regression results described in the previous section are reliable. The specific regression results are shown in column (1) of Table 4. If the regression coefficient of did_2 is not significant, it indicates that the new Environmental Protection Law implemented in 2015 is effective; i.e., the regression results of the new Environmental Protection Law to promote the environmental protection investment of the enterprises are robust, and there is no policy effect before the implementation of the new Environmental Protection Law. If a policy effect exists, it can be concluded that the previous benchmark regression results passed the robustness test.
TABLE 4 | Robustness test.
[image: A table comparing two scenarios: (1) Change of policy point to 2014, and (2) Bootstrap, both for the variable ln_invest. Under (1), did_2 has a coefficient of -0.115 with a t-statistic of -0.42, and _cons is 15.38 with a t-statistic of 16.50. The sample size (N) is 4,300 with R^2 of 0.784. Under (2), did_3 is 0.950 with a t-statistic of 3.76, and _cons is 15.70 with a t-statistic of 17.55. The sample size is 4,303 with R^2 of 0.270. Significance levels are indicated, with asterisk explanations at the bottom.]4.2.3 Considering the problem of serial autocorrelation
If there is serial autocorrelation in the model, it may lead to low standard errors in the estimation of the DID model, and it is easy to over-reject the original hypothesis; therefore, this paper uses Block bootstrap to repeat the random sampling 500 times to alleviate the problem of serial correlation that leads to the inconsistency in the standard errors of the estimated coefficients. In Table 4, column (2) shows the results obtained by using Block bootstrap method estimation. The results show that the new Environmental Protection Law can significantly increase the level of corporate environmental protection investment, and the conclusions verified in the previous section still hold.
4.2.4 Replacement of the dependent variable
In order to make the results more robust, this paper also adopts the calculation of replacing the dependent variable to test the above benchmark regression model, drawing on the practice of Zhang et al. (2019b). The investment expenditure includes items related to pollution prevention, such as ecological and environmental management, and green production in the schedule of construction-in-progress, such as desulfurization and denitrification, wastewater treatment, energy saving, dedusting, exhaust and waste gas and waste residue treatment, environmental management, ecological restoration, and cleaner production. The project data are summed and processed to obtain the green investment expenditure data of the enterprise for the year and divided by the total assets at the end of the period for standardization. In order to reduce the data processing bias, all the missing data of the relevant variables are excluded, the data of ST during the sample period are excluded, and the main continuous variables are shrink-tailed at the 1% level. In addition, in order to ensure the same treatment as in the previous paper, this paper further takes the logarithm of the data. As shown in Table 5, the dependent variable enterprise environmental protection investment is replaced with the practice of Zhang et al. (2019b), which is represented by green investment, and repeating the benchmark regression of this paper shows that the new Environmental Protection Law has a significant positive impact on enterprise environmental protection investment, which passes the robustness test of this paper.
TABLE 5 | Robustness test for replacing the dependent variable.
[image: Statistical table displaying regression results across four models labeled (1) to (4) with dependent variable ln_invest2. Variable did_1 shows coefficients: 0.653, 0.719, 0.954, 0.882, with standard errors in parentheses. Control variable is labeled "clogged". Industry and fixed time variables are specified. Constant (_cons) values are 16.11, 14.16, 16.93, 14.60. Observations (N) range from 1,285 to 1,346. R-squared values vary from 0.014 to 0.252. Significance levels: *p < 0.10, **p < 0.05, ***p < 0.01.]4.3 Mechanism analysis
The above has verified Hypothesis 1, that is, the new Environmental Protection Law can positively promote enterprises’ environmental protection investment. Next, this paper will further explore the channels through which the new Environmental Protection Law affects corporate environmental investment—agency costs, environmental information disclosure, and government subsidies. This paper adopts the approach of the work of Jiangboat (2022) and uses a two-step method to test this, in which the effects of the mediating variables on the explanatory variables are direct and obvious. Therefore, this paper only needs to verify whether the effect of the new Environmental Protection Law on the mediating variables is significant.
As can be seen in Table 6, the first step of the two-step approach has regression results in columns (2), (3), and (4), which are the regression results mediated by agency costs, environmental disclosure quality, and government subsidies, respectively. Column (1) contains the regression results of the paper with the addition of control variables, industry fixed and time fixed, which are the same as the regression results in column (4) of Table 3.
TABLE 6 | Channel analysis of the impact of the new Environmental Protection Law on corporate environmental investment.
[image: Statistical table with four columns: In_invest, Agency cost, KV index, and Government grant. Rows include coefficients and standard errors for "did" and "_cons," control variables, industry fixed effects, fixed time, sample size (N), and R-squared values. Significance levels denoted by asterisks: * p < 0.10, ** p < 0.05, *** p < 0.01.]Column (2) is the regression result of agency cost. From the table, we can observe that the regression coefficient of column (3) did is −0.018, which is significantly negative at the 5% level; that is, after the implementation of the new Environmental Protection Law, it can significantly reduce the agency cost of the enterprise. With the reduction in the agency cost of the enterprise, the managers will invest more funds into the environmental protection investment within the environmental protection investment required by the new Environmental Protection Law (Peng Ruohong, 2018), thus promoting the increase in environmental protection investment, which verifies Hypothesis 2 of this paper, that is, the new Environmental Protection Law can promote the environmental protection investment of enterprises by reducing their agency costs.
Column (3) shows the regression results of the KV index, a proxy variable for environmental information disclosure quality. The coefficient of did is −0.019, which is significantly negative at the 10% level. From the previous section, it is known that the KV index is inversely proportional to the quality of environmental information disclosure, and the smaller the KV index, the higher the quality of environmental information disclosure. So, the results in column (2) show that the implementation of the new Environmental Protection Law makes the KV index value smaller; i.e., the quality of environmental information disclosure quality increases. In addition, it is obvious that the improvement of the quality of corporate environmental information disclosure, in turn, can promote the improvement of corporate environmental protection investment, which verifies Hypothesis 3.
Column (4) is the regression result of government subsidy. From the table, we can observe that the regression coefficient of column (4) did is 0.364, which is significantly positive at the 10% level; that is, it indicates that the implementation of the new “Environmental Protection Law” has significantly increased the government subsidy, and the government subsidy is the source of funds for enterprises’ environmental protection investment. So, the new “Environmental Protection Law” can promote the government’s financial subsidy to enterprises by promoting the government’s financial subsidy to enterprises and then promoting enterprises’ environmental protection investment, which verifies Hypothesis 4.
4.4 Heterogeneity analysis
In order to gain a more in-depth understanding of the characteristics of the role of the implementation of the new Environmental Protection Law on the incentivization of corporate environmental investment and to enrich the content and results of this study, this section will conduct heterogeneity analyses on the differences in the intensity of competition in the industry, the differences in the degree of corporate financing constraints, and the differences in the nature of the firms.
4.4.1 Analysis of differences in the intensity of competition in the industry
This paper uses the Herfindahl index to measure the degree of industry competition, and four different indicators were selected to calculate the Herfindahl index, and the regression results are shown in Table 7. As can be seen from the table, the four indicators are significantly positive, and the size of the coefficient does not differ much, indicating that the stronger the degree of competition in the industry, the better the effect of the new Environmental Protection Law on the promotion of environmental protection investment in enterprises; i.e., relative to the higher degree of monopoly in the industry, the effect of the new Environmental Protection Law on the degree of monopoly of the industry of the lower degree of environmental protection investment in the industry of the greater market competition to promote the effect of environmental protection investment is better.
TABLE 7 | Heterogeneity analysis: industry competitiveness.
[image: Statistical results table with four columns labeled (1) to (4), each headed by "ln_invest". The coefficients and t-statistics for variables Did*hhi a, b, c, and d are reported, with significance levels indicated. Did*hhi a shows 0.908** (2.49), Did*hhi b shows 1.094*** (3.40), Did*hhi c shows 1.104*** (3.40), and Did*hhi d shows 1.139*** (3.49). Control variables, industry fixed effects, and fixed time are marked as "be". The constant (_cons) is 15.74*** across all columns. Sample sizes (N) and R² values are given, with significance levels noted below.]4.4.2 Analysis of differences in the degree of corporate financing constraints
As shown in Table 8, two indicators are selected to measure the financing constraints to ensure the robustness of the results, and their regression results are shown in columns (1) and (2), respectively. The coefficient of did*KZ in the regression result of column (1) is positive and significant at the 5% level, and similarly, the coefficient of did*SA in the regression result of column (2) is significantly positive at the 1% level, and the size of the coefficient is not much different from that of column (1). There is not much difference between the size of the coefficients and column (1). It indicates that after the implementation of the new Environmental Protection Law, the stronger the financing constraints of enterprises, the better the effect of this policy on enterprise environmental protection investment, the stronger the financing constraints, and the more the need to mitigate the external financing constraints through enterprise environmental protection investment. On the one hand, the enterprise environmental protection investment can reduce the enterprise’s pollution fines and obtain government subsidies, so as to alleviate the external financing constraints. On the other hand, environmental protection investment can gain the reputation of the enterprise and, thus, obtain the support of stakeholders, alleviate the external financing constraints, and is conducive to the sustainable development of the enterprise.
TABLE 8 | Heterogeneity analysis: financing constraints and the presence of SOEs.
[image: Regression analysis table showing three models: "Financing constraints 1," "Financing constraints 2," and "Whether or not it is a state-owned enterprise." Each model presents coefficients for Did*KZ, Did*SA, and Did*STO, with Did*KZ showing 0.247 and 0.237 for the first two models, and Did*STO showing 1.124 for the third model. Control variables, industry fixed effects, and fixed time are noted as "be." Constant terms and R-squared values differ across models. Statistical significance is noted with asterisks.]4.4.3 Analysis of differences in the nature of enterprises
As shown in the regression results in column (3) of Table 8, the coefficient of did*STO is significantly positive at the 1% level, indicating that the new Environmental Protection Law has a better effect on the promotion of environmental protection investment in state-owned enterprises relative to non-state-owned enterprises.
5 CONCLUSION AND RECOMMENDATIONS
5.1 Fundamental conclusion
This article first describes the environmental protection investment of enterprises and the implementation of the new Environmental Protection Law. Then, we selected A-share listed companies in Shanghai and Shenzhen from 2007 to 2018 as research samples. After a series of steps, such as data cleaning, manual matching, variable definition, and model design, we took the implementation of the new Environmental Protection Law in 2015 as a quasi-natural experiment and used a double-difference model, analyzed the impact of the promulgation of the new Environmental Protection Law on corporate environmental investment, and conducted a series of robustness tests. Then, we introduced three variables named environmental information disclosure quality, government environmental subsidies, and agency costs and discussed its internal impact channels and explored the mechanism of the new version of the Environmental Protection Law on corporate environmental investment behavior. Finally, further discussion was conducted on the heterogeneous impact of the new Environmental Protection Law on corporate environmental investment. The main findings of this paper are as follows: 1) The new Environmental Protection Law can significantly promote enterprises’ environmental protection investment. The benchmark regression results show that the coefficient of the impact of the new Environmental Protection Law on enterprises’ environmental protection investment is about 0.926 and is significant at the 1% level, and this conclusion still holds after taking the placebo test, changing the sample period, considering the serial autocorrelation problem, and replacing the dependent variable for the robustness test. 2) The mechanism analysis shows that the new Environmental Protection Law will promote corporate environmental protection investment by reducing agency costs, promoting the quality of environmental information disclosure, and facilitating government subsidies to enterprises. 3) The impact of the implementation of the new Environmental Protection Law on corporate environmental investment depends on the attributes of the enterprises themselves, and the implementation of the new Environmental Protection Law has a better effect on the promotion of environmental investment for enterprises in industries with a lower degree of monopoly and greater competition in the market. The stronger the financing constraints, the better the effect of promoting environmental investment for enterprises, and the better the effect of promoting environmental investment for state-owned enterprises.
5.2 Policy recommendations
According to the above research conclusions of the new Environmental Protection Law on the environmental protection investment of listed companies in China, as well as to enhance the efficiency of the new Environmental Protection Law on the environmental protection investment of enterprises and to promote further improvement of China’s environment-related laws and regulations in order to realize the green transformation and upgrading of high-polluting enterprises, the following recommendations are put forward:
	(1) Strengthening the enforcement of environmental administrative law enforcement: At present, although China’s new “Environmental Protection Law” has a certain effect of emission reduction, there may be some false data in the final analysis. Because the administrative law enforcement the new “Environmental Protection Law” is not strict, the administrative law enforcement team is not enough to complete the construction; therefore, China’s environmental law enforcement efforts should be further strengthened to strengthen the construction of an environmental law enforcement team, and the legal status of the environmental administrative law enforcement agencies should be clarified to accurately delineate the environmental responsibility of local governments and environmental law enforcement agencies. Environmental protection responsibilities of local governments and environmental administrative and law enforcement agencies should be accurately delineated, and the environmental responsibility at the level of specific agencies or individuals should be implemented to put the legal provisions of the new Environmental Protection Law into practice. In addition, special supervisory groups can be set up in environmental law enforcement agencies to avoid the phenomenon of being both the referee and the athlete.
	(2) Strengthening government environmental incentive policies should further enhance the government’s targeted incentive synergies, strengthen the positive incentive effect of corporate social responsibility in investment behavior, and avoid the crowding-out effect of enterprise environmental protection investment due to financing constraints. As the environmental protection investment of highly polluting enterprises requires a large amount of capital, a long investment cycle, and has the risk of uncertain returns, the government’s excessive penalties will deteriorate the enterprise performance, and squeeze out the environmental protection investment funds out of the production activities of the enterprise; therefore, the early stage of environmental governance should use more government subsidies, government incentives, environmental protection project discounts, and environmental protection special subsidies to guide the enterprise environmental protection investment. In addition, special tax incentives for environmental protection and green credit can be formulated to alleviate the problem of enterprise financing constraints and guide and encourage highly polluting enterprises to make environmental protection investments.
	(3) Strengthening the government’s environmental protection constraints on the monopoly industry: According to the conclusion of this paper, when the monopoly ability of the enterprise is stronger, the enterprise can be based on its monopoly advantage and obtain high profits, and if the pricing is right, it can transfer the government punishment to consumers. Because of the monopoly of the enterprise, it lacks environmental protection investment enthusiasm, so the new Environmental Protection Law on the exclusive monopoly environmental protection constraints on the enterprise is less powerful. Therefore, on the one hand, the government needs to increase the environmental protection constraints on monopolies and increase the penalties for environmentally destructive enterprises through closure, reorganization, and shutting down enterprises. On the other hand, it should reduce unfair market competition by strengthening supervision and management of monopoly industries. For monopoly industries that involve product market structure, national economic security, and other issues that make it difficult to regulate prices, such as electric power and banking, consideration should be given to lowering their artificially set access thresholds and actively introducing non-state-owned business entities to participate in market competition. This can, on the one hand, strengthen the degree of competition to reduce the scale of profits of the monopoly industry, so as to reduce the “efficiency wage.” On the other hand, it is conducive to overcome the administrative monopoly under the “lack of owners” and other factors resulting in the profits to the wage of the non-reasonable transfers.
	(4) Improvement of environmental information disclosure-related laws: Currently, China’s environmental information disclosure is still in the development stage, the environmental information disclosure content and environmental information disclosure-related indicators have not been perfected, and improving the quality of environmental information disclosure of enterprises cannot be achieved overnight. Therefore, we can take enterprises in highly polluting industries as a pilot policy, with reference to the practice of requiring enterprises in highly polluting industries to publicly disclose specified information and formulate relevant regulations for enterprises in highly polluting industries to disclose their environmental information in the course of daily production and operation. In addition, incentives can be given to the high-pollution industry enterprises for the high quality of environmental information disclosure, while enterprises not providing environmental information or those providing environmental information of poor quality can be punished, so as to promote the quality of environmental information disclosure enterprises and, thus, promote the environmental protection of the enterprise’s environmental protection investment, reduce pollution emissions, such as environmental pollution behaviors, and build a platform for the disclosure of environmental information so that the public is more intuitively and conveniently able to find the enterprise environmental information disclosure situation.
	(5) Enhancing public environmental awareness and public demand for environmental information: Environmental awareness includes both knowledge and action, that is, knowledge of the environment and action on environmental protection, and the unity of the two signifies a high level of environmental awareness. The level of environmental awareness marks the degree of social civilization of a country. An environmental information disclosure system for environmental protection investment plays a role to a certain extent and depends on the level of environmental awareness. Full disclosure of environmental information needs to be actively promoted by the majority of information users, and only investors with a certain degree of environmental awareness will request to understand the enterprise’s environmental information. A higher level of environmental awareness leads to environmental information disclosure of the enterprise’s environmental supervision and environmental constraints on the ability to be more powerful. Therefore, it is necessary to raise the public’s environmental awareness, which can be improved through the establishment of an environmental public interest litigation system, the development of civil environmental protection organizations, the encouragement of financial institutions to adopt more environmental standards, and the enhancement of environmental sustainability education, which not only reduces the cost of implementation of environmental regulations and policies but also promotes the development of environmental information disclosure.
	(6) The establishment of environmental performance-based environmental assessment indicators: As can be seen from the conclusion above, the implementation of the new Environmental Protection Law can make enterprises no longer exchange environmental pollution for their own private interests, but from the perspective of sustainable development of enterprises, environmental protection investment can enhance the competitiveness of enterprises. Therefore, this paper suggests that environmental performance can be established as the agent’s assessment index. On the one hand, because the government and the public have assumed part of the responsibility of monitoring the agent’s environmental pollution behavior, it can save the cost of monitoring the agent by the principal; on the other hand, it motivates the agent of the enterprise to strengthen the environmental protection investment, which improves the reputation of the enterprise and makes the enterprise enhance its own competitiveness and, thus, promotes the sustainable development of the enterprise.
	(7) Attaching importance to environmental risks and strengthening environmental risk management: Under the increasingly strict environmental regulations, enterprises in the high-pollution industry may face a variety of environmental risks, including possible environmental lawsuits, the government’s increasingly exorbitant fines for environmental pollution, and environmental complaints from residents in the surrounding communities. Therefore, high-pollution enterprises must incorporate environmental risks into their risk management. Investment activities are an effective channel for enterprises to mitigate production and operation risks and increase extra profits, so enterprises can increase environmental protection investment so as to be able to effectively mitigate environmental risks, improve enterprise competitiveness, strengthen environmental risk management, set up environmental committees responsible for supervising and dealing with the company’s environmental problems, and carry out real-time monitoring of the company’s environmental problems, so as to prevent the occurrence of large-scale environmental pollution incidents.

Due to the lack of disclosure of environmental responsibility information by unlisted companies and limited availability of data, this article only discusses the reactions of listed companies in environmental investment after the promulgation of the new Environmental Protection Law. Unlisted companies are not included in the sample. Unlisted companies include many small- and medium-sized enterprises, which are often enterprises with severe emissions and pollution. It is necessary to further expand the representativeness of the sample in subsequent research.
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In this paper, 22 indexes are selected at three levels, including the informatization development level, the Internet development level, and the digital transaction development level, based on China’s provincial panel data from 2011 to 2020, so as to build a digital economy development index system. Moreover, 28 basic indexes are selected from three aspects, including energy construction, energy production and energy consumption, so as to develop an energy economy development evaluation index system. The development index of China’s digital economy and energy economy are measured by using the entropy weight method. The effect of the digital economy on the energy economy and its mechanism are tested by the static panel, the dynamic panel, and the mediating effect and regulating effect models. The results indicate that the digital economy has pronouncedly promoted the development of China’s energy economy, and the development of the digital economy can have an effect on the rationalization of the industrial structure and then affect the development of the energy economy, and there is an intermediary effect. Moreover, the upgrading of the industrial structure is conducive to regulating the digital economy and facilitates the development of the energy economy. The development of the energy economy can be better promoted by focusing on the coordinated regional layout of the digital economy development, building a reliable energy commodity trading platform, and expediting the optimization and upgrading of the industrial structure.
Keywords: digital economy, energy economy, entropy weight method, mediating effect, regulating effect

1 INTRODUCTION
The digital economy represented by several novel digital technologies (e.g., mobile Internet, artificial intelligence, cloud computing, big data, and 5G) has emerged in the post-industrial era. With the advance of digital technology, the boundaries of conventional factors of production are constantly expanding, and data turns out to be a novel factor of production that has been covered in the economic growth function. The digital economy, i.e., a new economic form, has spawned a considerable number of new formats and new business models and deeply integrated the application of digital technology with conventional industries. On that basis, the digital economy has progressively acted as the key driving force to boost global economic growth. The added value of the digital economy in China will reach 39.2 trillion yuan in 2020, accounting for 38.6% of GDP, as indicated by the data released by the China Academy of Information and Communications Technology. The above result suggests that the digital economy turns out to be indispensable to China’s economy. The Fifth Plenary Session of the 19th CPC Central Committee also highlighted that a digital China should be built, the development of digitalization should be expedited, and it is imperative to make the digital economy act as an accelerator of economic development. The 14th Five-Year Plan and the 2035 Vision Target outline stressed that it is imperative to accelerate the development of digitalization, build a digital China, and deepen the integration of the digital economy and real economy, and the overall digital transformation should be conducted to drive the transformation of production methods.
The Overall Layout Plan for the construction of Digital China proposes to “accelerate the innovation and application of digital technologies in key areas (e.g., agriculture, industry, finance, education, medical care, transportation and energy) and deepen the integration of digital technologies and the real economy.” The vigorous development of the energy economy and empowering the digital transformation of the energy economy with digital technology has been confirmed as the only way for the energy industry to seek high-quality development. Furthermore, this vigorous development is recognized as an urgent requirement and a vital way to facilitate the green and low-carbon transformation of energy and more effectively fulfill the “dual carbon” goal.
In the face of complex and changeable environment, frequent extreme weather and other realistic factors, the development of energy economy fluctuates frequently, and the situation of national energy security is grim. Doing a good job in energy economy, keeping up with the new trend of energy technology revolution, extending the industrial chain, improving the comprehensive utilization efficiency of energy resources, and accelerating the construction of a modern energy system are the internal requirements for ensuring national energy security, striving to achieve carbon peak and carbon neutrality on schedule, and are also important supports for promoting high-quality economic and social development. Technological innovation in the energy industry accelerates industrial upgrading, and it is also urgent to promote high-quality transformation of the industry. In order to cope with the rapid evolution of the development pattern of the energy economy and the energy industry under the fluctuations of the domestic and foreign macro environment, it is necessary to establish a comprehensive and scientific index system to monitor the performance of the energy industry, so as to accurately depict the development and evolution process of the energy economy and the current development heat of each energy industry. Identify the internal links between energy economy, social livelihood and macro economy, and predict the future change trend of energy economy development, determine the future investment hot industries, and discover the potential risks of the industry.
Accordingly, based on the current situation of the development of the digital economy and the energy economy, the paper primarily aims to address three problems, including what is the development status of the digital economy and energy economy in different regions of China, whether the digital economy has an effect on the development of the energy economy, and whether the effect is significant, as well as whether digital economy has mediating and regulating effects on the development of the energy economy.
In this paper, the entropy weight method will be first used to measure the development level of the digital economy and energy economy in each province, and static panel and dynamic panel models are built to investigate the effect of the digital economy on the energy economy. Moreover, the model of the mediating and regulating effects is built to analyze the influence mechanism of the digital economy on the energy economy through the rationalization and upgrading of the industrial structure, and the robustness of the influence mechanism is tested.
Compared with the existing research, the possible marginal contributions of this paper are presented as follows. First, for research indexes, we strive to overcome the lack of comprehensive measurement indexes of the digital economy in existing studies, fully consider the timeliness and accessibility of indexes, and set up 6 secondary indexes and 22 tertiary indexes from three dimensions, including informatization development, Internet development and digital transaction development, to build a more comprehensive index system for measuring the development level of the digital economy. There are relatively few studies on the construction of the energy economic development index system. This paper selects 28 basic indexes from four aspects of energy investment, energy production, energy generation and energy consumption to build an energy economic development evaluation index system and enrich the research on the construction of the energy economic development index system. Second, from the perspective of research, existing studies focus more on the effect of various subjects on energy efficiency, and few calculate the energy economic development index. This paper calculates the development index of the energy economy, and takes the digital economy as the research object, examines the effect of the digital economy on the energy economy, and explores a new path to better promote the development of the energy economy through the development of the digital economy, which can further enrich the research results of the digital economy development. Third, for the research content, the influence mechanism of the digital economy on the energy economy is systematically examined by using mediating effect and regulating effect models, and the research on the digital economy and energy economy is expanded. Fourth, in a practical sense, it not only provides empirical evidence to further boost the development of the digital economy and the energy economy, but also provides empirical support for the digital economy to enhance the energy economy. It takes on great practical significance in promoting the development of the energy economy and the sustainable road of low carbon. Providing the energy industry with the opportunity to improve efficiency, optimize resource use, integrate renewable energy and improve operational performance, ultimately leading to a more sustainable and resilient energy economy.
The chapters of this paper are organized as follows. The first chapter of this paper is the introduction, in which the research background and significance of this paper, the key problems solved, and the possible contribution of this paper are primarily introduced. The second chapter is literature review. In the third chapter, the theoretical basis is laid. In the fourth chapter, variable selection and modeling are introduced. The fifth chapter is empirical research. In the sixth chapter, the summary and policy suggestions are presented.
2 LITERATURE REVIEW
2.1 Digital economy
The concept of the digital economy originates from the book The Age of the digital economy by Tapscott, (1996) in 1996. He reported that human beings achieve wealth creation and social development by combining intelligence, knowledge and creativity with Internet technology, and digital economy is considered a new type of economic relationship. He also highlighted that the digital economy is characterized by digitization, knowledge driven and virtualization, whereas the book does not make a clear definition of the digital economy. Since then, the digital economy has aroused wide attention and discussion in the academic community. Lane, (1999) suggested that the digital economy as a fusion economy formed by the integration of computer and communication technology in the Internet, capable of stimulating the transformation of e-commerce. Moulton, (1999) reported that the digital economy comprises information technology and e-commerce. Kling and Lamb, (1999) indicated that the digital economy covers goods and services performed with information technology. Mesenbourg, (2001) directly equated the digital economy with e-commerce. Quah, (2003) expanded the scope of the digital economy and considered it all economic activities that exploit the Internet to trade goods and services. Dahlman et al. (2016) reported the digital economy as a series of economic and social activities conducted after the integration of the Internet and related general technologies. Pei et al. (2018) argued that the data information that determines production efficiency in digital economy production and the technical means of its transmission. Liu, (2019) believes that digital economy is a new technological economic paradigm, which is manifested by the infiltration of digital infrastructure and digital technology into the traditional production mode and lifestyle, and thus the essential changes of macro and micro economic operation mode. The national digital competitiveness evaluation system constructed by Wu, (2019) contains ten relevant elements of digital economy and makes an international comparison. Xu and Zhang, (2020) believe that digital economy is a series of economic activities based on digital technologies and platforms and as the main medium, which digitally empowers infrastructure.
In the study on the measurement of the development level of digital economy, Porat, (1977) first proposed the measurement method of the added value of knowledge economy and information economy. Since then, some international organizations and national government agencies have carried out more in-depth studies, among which a representative and mature research result is the United States Bureau of Economic Analysis, Barefoot et al. (2018), which defined the digital economy as three categories: digital enabling infrastructure, e-commerce and digital media. Li and Han, (2022) and Nie and Zhang, (2022) selected indicators from the aspects of digital infrastructure, digital industrialization and industrial digitalization; (Liu et al., 2022) also considered the aspect of digital integration; Sheng and Liu, (2022) Construct a digital economy index system from the aspects of digital innovation, digital governance, and digital development environment. Liu et al. (2020), Wang et al. (2021), Wang et al. (2022) and others subdivided the second-level indicators on the basis of the first-level indicators, and established the development indicator system of digital economy from the dimensions of input, output, scale and influence.
Digital economy index measurement method research. The Australian Bureau of Statistics (ABS) also uses the BEA methodology. Xiang and Wu, (2019) used the digital economy conceptual framework released by the Organization for Economic Co-operation and Development (OECD) to estimate the added value of China’s digital industry and e-commerce industry. Xu and Zhang, (2020) used the BEA method to measure the added value and total output of China’s digital economy at the national level, and compared it with that of the United States and Australia. On the whole, the digital economy research framework and measurement methods of BEA and OECD have great influence in the world. Li and Wu, (2023) calculated the weights of various indicators and years by using the entropy method and the “thickening the present and thinning the past” method to measure and analyze the development level of digital economy in various provinces in China. There are big differences in the level of digital economy development among different provinces, with Beijing and Shanghai taking the lead in the comprehensive index of digital economy development level, four times more than Gansu, Heilongjiang and Xinjiang.
2.2 Energy economy
For the research on the evaluation system of energy economic development, foreign scholars construct the index system mainly from two aspects. First, the evaluation system is established based on the total factor analysis framework to measure energy economic efficiency or total factor energy efficiency. In the early days, energy economic measurement indexes mainly include labor, capital, energy and regional GDP, among which labor, capital and energy are input indexes, and GDP is the only output index. In 2006, Hu and Wang, (2006) established an input-output index system including labor, capital stock, energy consumption and real GDP, and used DEA method to measure China’s total factor energy efficiency for the first time. Genhua and Qin, (2012) measured the total factor energy efficiency of BRICS countries by incorporating “technology” into the input-output index system. Honma and Hu, (2014) established an index system (e.g., labor, capital stock, energy, non-energy intermediate input, and added value). Since climate change and environmental problems have been increasingly deteriorated, scholars began to pay attention to the effect of environmental pollution on the economy and society, and included environmental pollutants in the conventional input-output index system, defining them as non-expected output and GDP as expected output. Camioto et al., (2016), Zhao et al. (2018), Ohene-Asare et al. (2020) covered carbon dioxide emissions of environmental pollutants in the evaluation index system as non-expected output while measuring the energy efficiency of BRICS countries, Belt and Road countries and African countries respectively. Second, from the perspective of coordinated development of the energy economy and environment, the evaluation system is mainly established from three system levels: energy, economy and environment. Guan et al. (2011) evaluated the dynamic evolution and sustainable development of the system as well as the planning and development strategy using the established urban economy-resource-environment model. Carvalho et al. (2015) evaluated the comprehensive development of energy, economy and environment in Brazil based on the input-output mixed multi-objective model. Similar research involved Luis Cruz et al. (2019) and Wang et al. (2019).
There are numerous factors for the development of the energy economy. Scholars worldwide have discussed the factors for the development of the energy economy through qualitative analysis or empirical research. Indexes (e.g., technological progress, scale economy, and total energy) serve as the major factors considered by foreign scholars. Cui et al. (2014) analyzed the crucial factors for energy efficiency in nine countries using the panel regression model. As indicated by the research results, technical indexes and management indexes serve as the main factors. Liao and Yong, (2018) investigated the effect of technological progress, firm size and energy consumption structure on energy efficiency using the Super-SBM model, the panel regression model, as well as cluster analysis. Miskinis et al. (2020) conducted a comparative analysis of the energy intensity trends of Baltic countries and found that energy conversion efficiency, the share of energy-intensive industries and energy consumption are the factors limiting the development of the energy economy.
Balashova et al. (2020) suggested that with the improvement of renewable energy production level and technological changes, energy efficiency will be increased through data analysis. They confirmed that the enhancement of total factor productivity will facilitate the increase of energy efficiency with the assistance of econometric tools.
2.3 Digital economy and energy economy
There is little research on the digital economy and the energy economy. Xiong, (2022) specifically analyzed the effect of the digital economy on the efficiency of industrial green development from the perspectives of energy and innovation, selected the digital economy development level index as the explanatory variable, and the industrial green development efficiency used the green production efficiency index as the explained variable, and conducted benchmark regression verification through fixed effects. He also used three intermediary variables, energy structure, human capital and innovation output, to test the intermediary effect, and empirically analyzed the effect of the digital economy on the efficiency of industrial green development. Li, (2022) made a qualitative analysis on the mechanism of the digital economy’s effect on industrial energy efficiency in China by combing the relevant literature on the digital economy and energy efficiency. The development level of the digital economy is examined based on the TOPSIS entropy weight method, and the industrial energy efficiency of China is measured by using the SBM model (e.g., unexpected output). The correlation between digital economy development and industrial energy efficiency of China is empirically analyzed by using the two-way panel fixed effect model based on the data of 30 provinces (e.g., cities and districts) in China from 2012 to 2020. Junior et al. (2018) and Rehman et al. (2021) suggest that the general penetration and popularization of the digital economy in the field of energy consumption and environmental protection can be conducive to addressing the problems of environmental carrying capacity decline and scarcity. Alam and Murad, (2020) suggest that the digital economy has great potential in improving the ecological environment. Xia, (2022) analyzed the effect of the digital economy on China’s green energy efficiency, and found that the effect of the digital economy on the green energy efficiency is characterized by a positive “U” shape of first inhibition and then promotion. From the perspective of impact mechanism, digital economy can boost the improvement of green energy efficiency through three channels, including technological innovation, rationalization of the industrial structure and upgrading. Lange et al. (2020) analyzed the effect of the digital economy on energy consumption, and the results indicated that ICT can reduce energy demand. Sun et al. (2023) analyzed the impact of digital finance on carbon productivity using panel data from 201 cities from 2011 to 2020. The research results indicate that digital finance can significantly improve carbon productivity through two transmission channels: human capital and marketization effects. Digital finance has a spatial spillover effect on carbon productivity, and the improvement of local digital finance level will increase the productivity of neighboring regions with carbon emissions. Liu et al. (2023) conducted on the operation, management, and investment of carbon assets for enterprises in the carbon finance market, provided a quantitative decision-making plan for enterprises to purchase carbon emission rights. Created a new method to solve the optimal parking problem.
The literature review indicates that the following three aspects of relevant research are worthy of further promotion. First, few studies have focused on the effect of the digital economy on the energy economy. The essence of the digital economy is digital knowledge + information, and modern information network and information communication technology are its carrier and core driving force. How the digital economy affects the energy economy is worth analyzing. Second, it focuses on the measurement of the digital economy itself or the effect of the spatial agglomeration of the digital economy on the industrial energy efficiency, and rarely studies the effect of the development level of the digital economy on the development level of the energy economy. Third, there is a lack of research on the mechanism of the digital economy’s influence on the development level of the energy economy as the intermediary variable and the rationalization of the industrial structure. Accordingly, this paper will focus on the shortcomings of the above three aspects to promote research, so as to enrich and expand the study of the effect of the digital economy on the energy economy.
3 THEORETICAL ANALYSIS OF THE EFFECT OF THE DIGITAL ECONOMY ON THE ENERGY ECONOMY
3.1 Effect of the digital economy on the energy economy
The G20 Summit defines the digital economy as: The digital economy refers to the use of digital knowledge and information as a key element, modern information networks as an important carrier, and the effective use of information and communication technologies as a vital driving force for efficiency improvement and structural optimization. The digital economy exert two types effects on the development of the energy economy (i.e., positive and negative effects). First, the digital economy exerts a negative effect on the energy economy. Considerable infrastructure construction will consume more energy resources at the initial stage of the development of the digital economy, arising from the energy-intensive nature of the digital economy based on communication technology. Moreover, the energy efficiency increase driven by technological advances may be accompanied by direct or indirect rebound effects. The immediate rebound effect is manifested as follows. The use of efficient energy technologies allows consumers to receive the same amount of services at a lower cost, whereas the decline in economic pressure on consumers may consume more energy. The indirect rebound effect is revealed as follows. The savings in the cost of living of consumers may be adopted to increase other living consumption, such that other consumptions will be risen. As a result, the digital economy may increase energy consumption. Besides, the digital economy positively affects the energy economy. First, at the macro level, the government can use digital technology to gain more insights into the trend of energy market prices and control the total energy supply. Second, from the perspective of the industrial structure, the development of the digital economy can comprehensively boost the optimization and upgrading of the industrial structure, and transfer production factors from inefficient sectors to efficient sectors, thus driving the increase of energy efficiency. Lastly, from the perspective of energy conservation, the digital economy is capable of breaking the time and space constraints and accelerating the flow of production factors, such that energy consumption arising from time and space constraints can be saved, and the overall increase of energy efficiency can be boosted. This paper holds that the effect of the digital economy on the energy economy is mainly positive.
On that basis, hypothesis H1 is proposed, i.e., the digital economy positively affects the energy economy at the national level.
Based on hypothesis 1, this paper will construct digital economy development index system and energy economy development index system in the following analysis, and measure the development level of the digital economy and energy economy in various regions of China through entropy weight method, so as to provide explained variables and core explanatory variables for the subsequent empirical analysis of the effect of the digital economy on the energy economy development level.
3.2 Impact mechanism of the digital economy on the energy economy
Some research has revealed that the digital economy, with data as the key production factor, is capable of greatly reducing the excessive consumption of tangible resources and energy in the conventional production process, accelerating the adjustment of factor structure, and facilitating the improvement of factor utilization efficiency. With the continuous development of the digital economy, the flow barriers of resources in different provinces will be notably reduced, and green technology innovation in different regions will be encouraged to achieve high-quality development with low energy consumption. Furthermore, the digital economy can expedite the transformation of the industrial structure to a higher level and rationalization by stimulating the innovation impetus of a wide range of regions. For instance, Han et al. (2014) reported the progress of production technology as the fundamental driving force to boost the optimization of production sector structure. Digitalization has the attribute of technological progress. Its application in production and operation will facilitate the reconfiguration of production resources and elements and optimize the production system and organizational structure, such that the efficiency of resource allocation can be increased. Moreover, the dissemination and integration of digital technologies will comprehensively boost the optimization and upgrading of the industrial structure in a way that matches industrial development. When industrial structure optimization and upgrading are commensurate with the level of regional development, digital technology will change the economy’s path dependence on energy resources and use efficiency, improve the efficiency of resource allocation, and facilitate the development of the energy economy. Based on the above analysis, the following hypothesis is proposed.
Hypothesis H2: Digital economy promotes the development of the energy economy through the upgrading and rationalization of the industrial structure.
Based on hypothesis 2, in the following analysis, this paper will analyze whether the digital economy has a mediating effect and a regulating effect on the development of the energy economy by constructing a mediating effect model and a regulating effect model.
The effect of the digital economy on the energy economy can be seen in Figure 1.
[image: Flowchart illustrating the effect of the digital economy on the energy economy. The chart includes several effects: direct rebound effect, indirect rebound effect, macro level, energy saving ascent, and industrial structure. Each has associated descriptions about their impacts, such as increased energy consumption due to cost savings and the stimulation of innovation. The overarching theme is the positive impact of the digital economy on energy efficiency and innovation.]FIGURE 1 | The impact path of the digital economy on the energy economy.
4 VARIABLE SELECTION AND MODELING
In order to better empirically test the effect of the development of the digital economy on the development of the energy economy, this paper uses the following methods for analysis. See Figure 2 for details.
[image: Flowchart illustrating the method selection process for analyzing the influence of digital economy development on the energy economy. It begins with the entropy weight method to assess development levels, featuring good repeatability and easy integration. This leads to an empirical analysis, branching into multiple regression analysis, panel regression analysis of random and fixed effects, and system GMM. Each method's utility is highlighted, such as accounting for individual heterogeneity or providing better parameter estimation.]FIGURE 2 | Method roadmap.
4.1 Variable selection
According to the empirical arrangement, the variables involved in this paper are listed in Table 1.
TABLE 1 | Descriptive statistics.
[image: Table displaying types, names, meanings, and methods of various variables related to economic development. Categories include explained, core explanatory, mediating, regulating, and control variables. Methods like the entropy weight method and formulas for calculating GDP and emissions are detailed alongside each variable.]4.2 Introduction of variables
4.2.1 Explained variable
The energy economy is the economic activity of the production, exchange, distribution and consumption of the materials that produce energy. Based on this, this paper mainly reflects the development of energy economy from three aspects: energy construction, energy production and energy consumption. The secondary index selects 28 basic indicators from four aspects, such as energy investment, energy production, energy generation and energy consumption, to build an evaluation index system for energy economic development, as shown in Table 2.
TABLE 2 | Energy economic index system.
[image: Table detailing energy-related dimensions:   1. Energy construction with subcategories of energy investment and specific indexes like fixed assets investment in the state-owned energy industry. Sources are from the Energy statistical yearbook.  2. Energy production and generation with specific indexes such as raw coal, natural gas production, and different power generations. The source is the Energy statistical yearbook.  3. Energy consumption with indexes like coal, oil, and electricity consumption. Source is the National Bureau of Statistics.   Index attributes are indicated with plus or minus symbols.]4.2.2 Core explanatory variables
The development index of digital economy is the core explanatory variable. Digital economy is an economic form in which human beings can identify, select, filter, store and use big data (digital knowledge and information) to guide and realize the rapid optimal allocation and regeneration of resources and achieve high-quality economic development. The digital economy includes the “four modernizations” of digital industrialization, industrial digitalization, digital governance, and data value. The digital industrialization includes technologies, products, and services such as 5G, software, AI, and big data. Industrial digitalization includes new industries, new models and new business forms such as industrial Internet, intelligent manufacturing, and Internet of vehicles. Digital governance includes digital government, smart city, etc. Data value includes data right confirmation, data security and so on. In combination with the connotation of digital economy and the construction of other scholars’ index system, as well as the availability of data, this paper selects 22 indicators to build a digital economy development index system from three aspects: informatization development, Internet development and digital transaction development, as shown in Table 3. Digital industrialization and industry digitization are reflected through the information development level, digital governance is reflected through the development of the Internet, and data value is reflected through the development of digital transactions.
TABLE 3 | Digital economy index system.
[image: Table outlining digital development metrics across three dimensions: Informationization development, Internet development, and Digital transaction development. Each dimension includes second-level categories such as Informationization basis, Internet basis, and Digital transaction impact. Specific indexes include optical cable density, internet users, and e-commerce sales. Data sources are mainly China's statistical yearbook and the National Bureau of Statistics. "+" symbols indicate measurable attributes.]4.2.3 Mediating variables and regulating variables
Mediating variable: Industrial structure rationalization (lnTS) serves as the mediating variable. In this paper, the structural deviation degree and Theil index are employed, which have been extensively used in academic circles. When the TS rationalization index is equal to 0, the industrial structure is in the equilibrium state; the larger the index value, the more the industrial structure will deviate from the equilibrium state.
Regulatory variable: This paper uses industrial structure upgrading (lnTC) as a regulatory variable. The upgrading of the industrial structure refers to the gradual transfer of the focus of the industrial structure from the primary industry to the second and third industries. In general, the ratio of output value of tertiary industry to that of secondary industry is adopted to examine the level of the industrial structure upgrading.
4.3 Model setting
As revealed by the above analysis, digital economy can affect the energy economy. Static panel regression analysis (multiple regression analysis, fixed effect model analysis and random effect model analysis) and dynamic panel regression analysis (system GMM model analysis) are established for the model to test whether hypothesis H1 is valid. To test whether the construction of H2 is valid, the mediating effect model and the regulating effect model are established.
4.3.1 Static panel regression model
First, a static panel regression model is built. In the linear regression model of panel data, if the intercept term of the model is different for different cross sections or different time series, whereas the slope coefficient of the model is identical, the model is termed a fixed-effect model. Besides fixed effects model, typical panel data analysis methods also cover random effects model. The fixed effects model (FEM) assumes that all covered studies share a common true effect size, whereas the real effects in the random effects model (REM) vary with extensive research. Based on the calculation of different models, the average value of the combined effect size is different. See form Eq. (1) for details.
[image: Mathematical equation displaying EE subscript i equals lambda subscript t plus beta DE subscript i plus v control subscript i t plus u subscript i. The equation is labeled as equation one.]
In the fixed effect model, [image: Lambda sub i, where i equals one, two, up to n.] denotes a constant. In the random effects model, [image: Mathematical notation showing the Greek letter lambda (λ) with a subscript i, often used to represent eigenvalues or parameters in mathematical expressions.] expresses a random variable.
[image: It seems there might have been a mistake or incomplete information regarding an image upload. Please try uploading the image again, and I will be happy to help generate the alternate text for it.] denotes the explained variable, representing the Energy Economic Development Index. [image: I'm sorry, I can't generate alt text without an image. Please upload the image or provide a URL, and I'll be happy to help.] represents the Digital Economy Development Index; [image: It seems like the image wasn't uploaded correctly. Please try uploading the image again.] expresses the control variable.
4.3.2 Dynamic panel regression analysis
Given the time dependence of the dependent variable (i.e., adding the time lag term of the dependent variable), the dynamic spatial panel data model can be obtained based on the static panel data model. The development of 30 provinces and cities in China has a certain imbalance in all aspects, thus exhibiting significant spatial characteristics. To better analyze, this paper further adopts the spatial Durbin model to carry out research. The dynamic spatial Durbin model covers the spatial-time term of the dependent variable, the spatial-lag term of the dependent variable, as well as the spatial-lag term of the independent variable. The specific form Eq. (2) is illustrated below:
[image: Mathematical equation showing economic expectations (EE) as a function of past expectations (EE_t-1), weighted expectations (ρWEE_t), domestic expectations (βDE_t), weighted controls (δW_control_t), and error term (u_t).]
4.3.3 Intermediary effect model and regulatory effect model
In the previous analysis, this paper believes that the digital economy not only has a direct effect on the development of the energy economy, but also indirectly affects the development of the energy economy by influencing the rationalization of the industrial structure. Thus, the rationalization of industrial organization is an intermediary variable. To verify the existence of intermediary effect, this paper establishes the following intermediary effect model based on model Eqs. (3, 4):
[image: Mathematical expression showing the equation: CYH subscript t equals eta LCYH subscript t plus delta DE subscript t plus gamma control subscript t plus u subscript t, and labeled as equation three.]
[image: A mathematical equation showing \(EE_{t} = \phi LEE_{t} + \beta CYH_{t} + i_{control} + u_{t}\) with a reference to equation number four.]
[image: To generate alt text for an image, please upload the image or provide a URL.] represents the rationalization of the industrial structure. First, in the main regression model Eq. (2), [image: It seems there was an issue with the image upload. Please try uploading the image again or provide a URL. If there's any specific context or details, feel free to include them.] must be significant, which is the premise of the following analysis. If [image: Please upload the image or provide a URL for me to generate the alt text.] is significant, continue the analysis. If [image: Please upload the image or provide its URL so I can help generate the appropriate alt text.]、 [image: Lowercase Greek letter eta in a serif font style.]、 [image: Please upload the image or provide a URL so I can generate the alternative text for you.]、 [image: It seems there was an issue with your image upload. Please try uploading the image again or provide a URL if it's hosted online. You can also add a caption for context if needed.] is significant, there is a mediating effect.
This paper believes that the upgrading of the industrial structure can strengthen the role of the digital economy on the development of the energy economy, and it is necessary to verify the regulatory effect of the development of the digital economy on the development of the energy economy from an empirical perspective. The following regulatory effect model Eq. (5) is established in this paper:
[image: Mathematical equation illustrating a formula where \(EE_t\) is determined by multiple variables: \(\Phi EE_{t-1}\), \(\pi CY_{G,t}\), \(cDE_{t} CY_{G,t}\), a control variable, and \(u_t\), all summed up.]
[image: I'm sorry, I cannot see the image you uploaded. Please provide the image or a link to it, and I will be happy to help you with the alternate text.] represents the upgrading of the industrial structure. If [image: It looks like there might be an error with the image upload. Please try uploading the image again, and I will help you generate the alternate text for it.] is significant and greater than 0, it indicates that it has a positive regulatory effect, i.e., the upgrading of the industrial structure can strengthen the role of the development of the digital economy on the development of the energy economy.
5 EMPIRICAL ANALYSIS
5.1 Data selection and processing
In this paper, the panel data of 30 provinces, autonomous regions and municipalities in China from 2011 to 2020 are primarily selected as the research object (except for Tibet). In general, the data originate from China Statistical Yearbook, EPS Database, Energy Economic Statistical Yearbook, and so forth. Table 4 lists the descriptive statistical results of the data.
TABLE 4 | Descriptive statistical results of the respective variable.
[image: Table with various indices representing economic and infrastructure metrics, each with columns for definition, sample size (300 for all), average value, standard deviation, minimum, and maximum. Variables include EE, DE, CYJH, CYJG, HDE, GOV, INF, URZ, OPEN, and RDI. Average values range from 0.1609 for EE to 431.0355 for OPEN. Standard deviations and ranges vary, reflecting differences in data variability across indices.]As depicted in Table 4, the standard deviations of the respective variable are relatively small, suggesting that a certain gap between variables in different regions. Nevertheless, the gap is not particularly prominent. The maximum and minimum values of the respective variable suggest a certain gap between variables in different years.
5.2 Measurement results of the digital economy development index
Table 5 present the digital economy development index of Chinese provinces and cities. There is a significant difference in the comprehensive index of the digital economy development level in China’s 30 provinces in 2020. Guangdong and Beijing rank the top two in the comprehensive index of the digital economy development level. Their digital economy development level plays a “bellwether” role in China, and their digital economy development far outpaces that of other provinces. Jiangsu, Zhejiang, and Shanghai are slightly inferior, second only to the first level, which is closely correlated with the better economic development level of these regions. Nevertheless, Qinghai, Ningxia, Hainan, Gansu, and Jilin ranked among the bottom five for the level of the digital economy development since these regions are slow in their economic digital transformation due to factors including remote location, weak infrastructure, insufficient innovation drive, and imperfect talent incentive mechanism. From 2011 to 2020, China’s provinces have shown a strong momentum of the digital economy development, whereas there is a spatial development pattern of high in the south and low in the north, hot in the east and cold in the west, and the development level of the digital economy varies pronouncedly among regions. The Beijing-Tianjin-Hebei region and the Yangtze River Delta region have a higher level of the digital economy development, followed by Shandong, Sichuan, Hubei, Hunan, Anhui, and other Yangtze River Economic belt regions. The above-mentioned areas are densely populated, with high levels of industrial and service development and economic prosperity. Moreover, these areas have produced numerous digital elements, and the digital elements of the areas should be urgently valued, which can provide impetus for the development of the digital economy. Compared with the southern region, the northern region is characterized by a small population, a relatively backward economic level, and the advanced industries and advanced technologies in the digital economy are subjected to slow development.
TABLE 5 | Results of the digital economy Development Index of provinces and cities in China.
[image: A table shows data for various areas from 2011 to 2020 along with a ranking column. Each row lists an area, with yearly data ranging from Beijing's 2011 figure of 0.285 to Xinjiang's 2020 figure of 0.096. Guangdong ranks first, Beijing second, and Jiangsu third. Rankings range from 1 to 30.]5.3 Measurement results of energy economic development index
The measurement results of the energy economic development index of China’s provinces and cities are presented in Table 6.
TABLE 6 | Energy Economic Development Index of provinces and cities in China.
[image: Table displaying pollution index data for Chinese regions from 2011 to 2020, with a ranking column indicating overall standings. Data includes numerical values for each year per region, ordered by the lowest index in 2020. Regions like Shanxi and Beijing are ranked highly, while others like Hainan are lower.]As depicted in Table 6, from 2011 to 2020, the energy economy of China’s provinces has been developing, whereas the overall is relatively stable. In 2020, there is a significant difference in the comprehensive index of energy economic development level of 30 provinces in China, with Shaanxi and Shandong ranking the top two in the comprehensive index of energy economic development level. According to the type of energy demand of the digital economy, China’s energy development presents a highly advanced “double peak” structure. The possible reasons for this structure are large terrain drop, abundant water energy, and high hydropower production. Xinjiang, Guangdong, and Inner Mongolia fare slightly worse, second only to the first tier. Inner Mongolia and Xinjiang are characterized by sufficient sunshine time, strong wind, and large solar and wind power generation, such that these provinces have a high level of energy economic development. In general, the development of China’s energy economy presents a distribution pattern of strong west and weak east. The energy economic development of Hainan, Beijing, Shanghai, Jilin, and Guizhou ranked among the bottom five, which is closely correlated with the relatively low energy production and energy consumption in these regions.
5.4 Regression results of the digital economy development on the energy economy development
Table 7 lists the regression analysis results of the effect of the development of the digital economy on the development of the energy economy.
TABLE 7 | Regression analysis results for the effect of the digital economy development on the energy economy development.
[image: Table showing multiple regression analysis results with four models: Fixed effect, Random effect, and Dynamic space. Variables include L.EE, DE, HDE, GOV, INF, URZ, OPEN, RDI, C, with coefficients, t-values, and significance levels denoted by asterisks. R-squared, AR (1), AR (2), and Hansen values are provided. Standard errors are in parentheses. Significance levels: *p < 0.1, **p < 0.05, ***p < 0.01.]From the above regression analysis results, it can be seen that the impact coefficient of digital economy on energy economy is 0.2141 in the multiple regression model, 0.1589 in the fixed effect model, 0.1115 in the random effect model, and 16.2562 in the dynamic spatial model. Multiple regression analysis, fixed effects model analysis, random effects model analysis and dynamic spatial model have significant positive effects on the development of energy economy. The development of digital economy is conducive to the development of energy economy. It can be seen from the regression models that the impact of the high quality economic development index on the energy economy is negative, which is consistent with the theoretical analysis. In the multiple regression analysis, government fiscal expenditure has a positive impact on energy economy, while in other models, government fiscal expenditure has no significant impact on energy economy. In each model, the construction of transportation infrastructure and the degree of opening to the outside world have a significant negative impact on the development of energy economy. Both urbanization rate and R&D investment intensity have a significant positive impact on the development of energy economy. Improving urbanization rate and enhancing R&D investment intensity is conducive to promoting the development of digital economy. The above empirical analysis results are basically consistent with the previous theoretical analysis.
5.5 Results of mediating effect and regulating effect
The regression results in Table 8 are analyzed in the following. First, the regression results of the industrial structure rationalization on the digital economy suggest that the regression coefficient of the digital economy on industrial structure rationalization is 761.2482, which is significant at 1% and indicates that the digital economy has a positive impact on industrial structure rationalization. Second, the results of the industrial structure rationalization on the development of the energy economy suggest that the regression coefficient of the industrial structure rationalization is 0.0252, which is significant at 1%. The development of the digital economy can comprehensively facilitate the optimization and upgrading of the industrial structure and make the production factors transfer from the inefficient sector to the efficient sector, which can contribute to the improvement of the development level of the energy economy. This contribution reveals that the rationalization of the industrial structure plays an intermediary role in facilitating the development of the energy economy by digital economy. Table 8 shows that the pre-coefficient [image: Please upload the image or provide a URL for me to generate the alt text.] of DE*CYJG is 1.1682, and the corresponding Z statistic is significant. As depicted in this table, the upgrading of the industrial structure has a positive regulating effect on the development of the digital economy and the development of the energy economy. Moreover, the dissemination and integration of digital technology has comprehensively promoted the optimization and upgrading of the industrial structure in a way that matches industrial development. When industrial structure optimization and upgrading are commensurate with the level of regional development, digital technology will change the path dependence degree and use efficiency of the economy on energy resources, increase the efficiency of resource allocation, and constantly elevate the level of energy economic development.
TABLE 8 | Results of mediating effect and regulating effect.
[image: A table presents mediating, regulating, and robustness test effects with variables under CYJH, EE, and CD. Each variable has associated coefficients and standard errors in parentheses. Significance is indicated by asterisks: *p < 0.1, **p < 0.05, ***p < 0.01. The table includes AR and Hansen test results at the bottom.]5.6 Robustness test
Robustness test examines the robustness of the interpretation ability of the evaluation methods and indexes, i.e., whether the evaluation methods and indexes still maintain a relatively consistent and stable interpretation of the evaluation results when certain parameters are changed. A specific parameter varies, and the experiment is repeated to verify whether the empirical results vary with the change of the parameter setting. If the results suggest that the symbol and significance vary with the change of the parameter setting, it is not robust, and the problem should be identified.
To more effectively test robustness, Carbon Finance Development Index (CD) is adopted, instead of Energy Economic Development Index for in-depth analysis. Table 8 lists the specific results. As depicted in Table 8, the core explanatory variable Digital Economy Development Index can positively affect the Energy Economic Development Index, and the symbol and significance remain nearly unchanged, suggesting that the model is robust.
6 CONCLUSION AND COUNTERMEASURES
There has been some research on the connotation and level measurement of the digital economy, which lays a certain basis for this paper. Moreover, the academic circle lays a certain research basis for the development of the energy economy. However, there are still some shortcomings, which are presented as follows. (1) At present, the construction of the evaluation index system for the development of the digital economy in the academic circle should be further improved. (2) There are abundant theoretical studies on energy economic development, whereas there have been few empirical studies on the calculation of energy economic development index. In this paper, the digital economy development index and the energy economy development index are measured by using the entropy weight method. The results show that there is a significant gap between the digital economy development index and energy economy development index in each region. The digital economy development index of Beijing, Shanghai, Jiangsu, Guangdong and other regions with relatively good economic development is higher. In addition, the energy economic development index of Shaanxi, Shandong, Inner Mongolia and Xinjiang is higher. Moreover, the multiple regression analysis model, the fixed effect model, the random effect model and System GMM are used in this paper to empirically test the effect of the digital economy development on China’s energy economy development, and mechanism analysis is conducted. The results suggest that the digital economy has pronouncedly boosted the development of China’s energy economy. The development of the digital economy can have a certain effect on the rationalization of the industrial structure and affect the development of the energy economy, and there is an intermediary effect. Furthermore, the upgrading of the industrial structure has a regulating effect on the digital economy to promote the development of the energy economy.
In this paper, the relevant research on the development of the digital economy and energy economy is enriched, and a new perspective is provided for scholars to calculate the development index of the digital economy and energy economy. At the same time, it provides a certain reference for each region to gain insight into the development level of regional digital economy and energy economy. Moreover, the empirical analysis of the effect of the digital economy on the energy economy is further enriched, and the mechanism study of the effect of the digital economy on the energy economy is expanded, which can better explain how mediating and regulating effects work. However, there is still room for improvement in the calculation of the digital economy development index and the energy economy development index. Since the relevant data for 2021 and 2022 have not been released, the data for 2000–2020 are only measured during the calculation, and the digital economy development index and the energy economy development index for 2021 and 2022 are not measured.
Based on the existing research conclusions, this paper puts forward the following countermeasures and suggestions.
6.1 Focus on the coordinated distribution of the digital economy development among regions
As revealed by the above empirical analysis, the development of the digital economy significantly contributes to the development of the energy economy. To more effectively facilitate the development of the digital economy, a focus should be placed on integrating regional resources, policy support should be offered to backward areas in the development of the digital economy, and “needy households” should be supported from capital, technology, data, talents and other elements. Moreover, it is imperative for local governments to introduce distinctive, regionalized, and highly compatible digital economy development policies, boost the construction of independent technology platforms, accelerate the integration of the real economy and the digital economy, facilitate the flow of factors between regions, and build a digital economy system featuring the coordinated development of financial capital, infrastructure, human resources, as well as research and development levels.
Moreover, a diversified, modern and highly coordinated governance system should be built to expedite the development of the digital economy. The government is required to be the core of supervision, guide judicial organs, industry associations and other organizations, thus that it is enabled to play a certain role in supervision, pay attention to coordination and consider the legitimate interests of enterprises, and jointly address data security, personal privacy, public network security, and other issues. Furthermore, the local Internet regulatory authorities should pay attention to the problem of digital industry monopoly, prevent Internet companies from using information technology loopholes, through algorithmic manipulation, big data and other methods to fulfill the objective of unfair competition, avoid monopolistic behavior to expand the “digital divide” in depth, and guide multiple parties to work jointly for shifting the energy development to the distributed direction.
6.2 Building a reliable energy commodity trading platform
Since the digital information energy platform exhibits integration, interactivity, and rapidness, it is capable of managing energy across regions and across time, ensuring that energy flows to the most needed direction in the form of maximum value, facilitating the development of energy from single to diversified, promoting all parties to actively participate in the efficient allocation of energy, and developing the “energy + green industry” in a coordinated manner. Thus, the Internet platform should serve as the medium, and digital technology should be employed as the tool to develop digital energy service institutions, broaden digital energy information channels and platforms, formulate digital energy trading rules, regulations and policies, deepen the linkage between energy trading markets and futures exchanges, break the conventional barriers to energy trading between regions, and stimulate the transformation of energy trading to digitalization and financialization. On that basis, the information flow between regions turns out to be more extensive and convenient, and the information transparency of energy trading market can be achieved.
6.3 Promoting the optimization and upgrading of the industrial structure
The previous empirical analysis indicates that there are intermediary effects and regulatory effects, and the rationalization of the industrial structure is an important transmission mechanism for the digital economy to enhance the development of the energy economy. To better develop the role of rationalization of the industrial structure and upgrading of the industrial structure, the optimization and upgrading of the industrial structure should be promoted in different development stages of the digital economy, and the long-term increase of energy efficiency should be achieved. The industrial structure is the intermediary variable of the spatial aggregation of the digital economy on energy efficiency. The combination of the digital economy and various industries will produce differences in growth rates to change the industrial structure, and the change of the industrial structure will have an impact on the efficiency of energy use, so that the optimization and upgrading of the industrial structure in the middle and later stages of the development of the digital economy will have a significant effect on energy efficiency.
Accordingly, in the early stage of the development of the digital economy, it is necessary to improve energy efficiency from other factors, and promote the upgrading of the industrial structure in the middle and later stages. However, it is noteworthy that we cannot simply pursue “two backward and three forward”. The specific situation of different regions should be considered, and it is imperative to formulate reasonable policies for optimizing and upgrading the industrial structure; otherwise, the shortage of supply of energy resources will be triggered, resulting in the stagnation of the development of the digital economy and the regression of energy efficiency.
The focus of central and western provinces should be placed on the role of the industrial structure rationalization in increasing green energy efficiency. A significant imbalance of the industrial structure exists in the central and western provinces, inhibiting the increase of energy efficiency. Thus, the provinces in the central and western regions should facilitate the gradual transfer of skilled labor in the secondary industry to high value-added manufacturing and high-tech industries and expedite the transfer of skilled labor in the tertiary industry to high-end service industries, so as to form a reasonable flow mechanism of labor. Furthermore, since the upgrading of the industrial structure can expedite the increase of green energy efficiency, a wide range of regional provinces should formulate reasonable industrial structure optimization and upgrading policies based on the actual situation and level of economic and social development in different regions.
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Power Internet of Things (PIoT) is the key technology to build a new power system based on new energy. Focusing on the problem that the large amount of data leads to the long computation delay of cloud computing in the operation control process of PIoT including renewable energy sources, this paper establishes a cloud-edge-end collaborative optimization calculation model for PIoT based on edge computation. Combined with data collected by a variety of smart terminal devices (STDs) arranged around the power generation equipment, the edge computation framework of PIoT is analyzed, and a computing task allocation model based on minimizing average system latency is established. The corresponding simulation model is built for simulation verification. Compared with other baseline schemes, it has been demonstrated that the average system latency of all tasks can be significantly decreased by using the proposed optimization scheme.
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1 INTRODUCTION
In order to reach the goal of achieving carbon peak by 2030 and carbon neutrality by 2060, the construction of new power systems with new energy sources as the main body continues to advance in china (Xu et al., 2021). Due to the limited distribution of traditional fossil fuels in China, renewable energy sources such as wind power and photovoltaic power generation will gradually become the main form of energy in the future power system (Xu et al., 2022). By 2020, the installed capacity of wind power and photovoltaic power has exceeded 24.3% of the total installed capacity of power generation, and the installed capacity of grid-connected renewable energy power generation has maintained rapid growth in China. The high proportion of distributed renewable energy connected to grid significantly affects the operation mode of the power grid. Because the operation state of the distribution network is complex and changeable and the control objects are diverse, higher requirements are put forward for the measurement and control level of the power system.
A high proportion of renewable energy is a key feature of future energy systems (Xu, 2019). PIoT provides an effective solution for the efficient operation of distribution networks with renewable energy. PIoT fully applies advanced information and communication technologies such as artificial intelligence and 5G to realize real-time connection between devices in the power system, so that the system state of each link of power production, transmission, and consumption can be fully perceived and controlled. Specifically, affected by natural conditions, renewable energy generation has the characteristics of intermittence and volatility. With the continuous operation of renewable energy generation grids, the energy storage capacity of lithium-ion batteries will also continue to decrease. Using a large number of STDs arranged around the power generation equipment to collect data and calculate, the output power of renewable energy generation equipment in the future can be predicted and the health status of lithium-ion batteries can be estimated, which can control the efficient and stable operation of the power grid (Huang and Wei, 2020; Zhang et al., 2020; Qin et al., 2023). PIoT connects power grid enterprises, power generation enterprises, power users, suppliers, and their equipment to achieve data sharing and ensure the intelligent management of the power grid without increasing the complexity of the physical connection structure of the power grid.
With the continuous construction of PIoT, the number of STDs has exploded, resulting in a huge amount of STDs’ data that need to be stored, processed, and analyzed. The traditional data processing method is used to transmit the data to the remote cloud center server (RCCS) with strong computing power for calculation. However, due to the heterogeneous and large number of STDs in the PIoT environment, the unified upload of computing tasks to the RCCS will cause network congestion, and the RCCS is arranged at the remote end of STDs. The transmission delay generated by the STD uploading data will greatly increase the completion time of the overall task, thus affecting the real-time performance of the computing task. As an extension and supplement of cloud computing, edge computation solves this problem well. Edge computation technology enables many computing tasks to be completed by local devices without being handed over to the RCCS. The task processing is completed at the edge node close to STDs, and the edge server (ES) can respond to the STD’s requests and tasks in a shorter time. However, ESs typically offer fewer computing and storage resources than RCCS. If STDs have many computing tasks, they cannot execute all of them simultaneously. Therefore, the edge computation research has focused on computing task allocation (Bi et al., 2020; Pham et al., 2020; Song et al., 2020; Wei et al., 2020; Zhu and Zhou, 2021).
Generally, a computing task allocation scheme comprises of two parts: offloading decision and resource allocation decision (Chen et al., 2022a; Chen et al., 2022b; Deng et al., 2022; Fang et al., 2022; Wang et al., 2022; Yue et al., 2022; Zhou et al., 2022; Zhou and Zhang, 2022). The former serves to determine which tasks should be performed on ESs or RCCS. The latter specifies the amount of computing and storage resources allocated to each STD by ESs or RCCS. By caching applications and their associated databases on ESs, ESs can perform tasks that require these applications, which is called service cache (Xu et al., 2018). Nowadays, in most computation offloading schemes, all services required by STDs’ computing tasks have been cached by ESs. The RCCS can cache all types of services because of its massive storage capacity. However, due to its limited storage resources, there are only a few services that an ES can cache. Accordingly, a joint optimization scheme for service cache updating and computing task allocation (JOSSCUCTA) for PIoT including renewable energy sources was proposed. The contribution of this article mainly included the following three parts:
	• JOSSCUCTA was proposed and established as a mathematical model of mixed-integer non-linear programming (MINLP).
	• JOSSCUCTA was solved using the optimal method of outer approximation (OA).
	• Comparing JOSSCUCTA with other schemes of computing task allocation, simulation results showed that it reduces average system latency of all STDs’ computing tasks.

The remainder of this paper is organized as follows: a review on related work on computing task allocation is provided in Section 2. A cloud-edge-end collaboration edge computation network framework is proposed and JOSSCUCTA is proposed and established as an MINLP problem in Section 3. Section 4 provides a solution to the MINLP problem using the OA method. In Section 5, simulation results are analyzed, and conclusion is reported in Section 6 .
2 RELATED WORK
Based on optimization objectives, computing task allocation schemes can be categorized into four types: schemes with minimum delay, with minimum consumption of energy, with minimum trade-off between delay and consumption of energy, and with optimization of other performance indicators. Liu et al. (2016) adopted the Markov decision process to establish the computing task allocation scheme optimization model with minimum delay under the power constraint of terminal equipment. Based on experimental results, the scheme greatly reduced computing delay compared to the local computing and cloud computation schemes. Similarly, to obtain a computing task allocation scheme with the shortest latency in an ultra-dense network under the power constraints of terminal equipment, Chen and Hao (2018) demonstrated the computing task allocation problem as an MINLP problem using software-defined networking. According to experimental results, the method can reduce delay by 20% compared with baseline schemes. Xing et al. (2018) introduced a time-division multiple-access communication protocol under the scenario that each STD has several computing tasks. These tasks can be offloaded simultaneously to many ESs and can be completed in parallel. The performance and energy consumption of local computing and computing on ESs were analyzed under the framework of the protocol to develop an optimization model with minimum delay. Zhang et al. (2017) proposed an intelligent vehicle computing task allocation scheme model that utilized a Stackelberg game theory method to determine the task offloading decision with minimum delay, thereby maximizing the efficiency of the vehicle and edge devices. Ning et al. (2018) proposed a partial allocation scheme for computation tasks that minimizes total amount of computing delay and transmission delay when computing tasks may be separated into numerous modules. Considering that STDs communicate with ESs via wireless access networks and communication resources are limited in the edge computation system, STDs’ energy consumption can be minimized by computing task allocation (Zhao et al., 2017). In order to determine the optimal c computing task allocation scheme, computer resource allocation and wireless network resource allocation were optimized simultaneously. The simulation results showed that this model had a better energy-saving effect. Because the data source is always far away from the remote cloud, computing tasks with delay constraints can only be offloaded to ESs for execution. Therefore, Guo and Liu (2018) investigated an edge computing network architecture based on a fiber–wireless network and proposed an ES and a remote cloud collaborative computing task allocation scheme with the minimum energy consumption of terminal equipment under delay constraints. STDs’ energy usage can be reduced by offloading computing tasks to idle wireless devices nearby. Therefore, Cao et al. (2018) proposed an edge computing network architecture composed of STDs, help devices, and an access point device. Lan et al. (2019) developed a computing task allocation scheme that provided the optimal allocation decision while optimizing bandwidth resources, CPU frequency of STDs, and transmission power, which was modeled as an MINLP problem. Meng et al. (2019) proposed an online scheduling algorithm that optimized the allocation decision of computation tasks, the allocation of network bandwidth, and computing resources so that most tasks can be completed before the deadline. Lin and Shen (2015) aimed at optimizing the quality of the users’ experience while playing interactive games. A cloud–fog system was designed to reduce delay and improve coverage using response time, network congestion, and service coverage as indicators of users’ experience.
3 MODEL OF COMPUTING TASK ALLOCATION
3.1 System model
As shown in Figure 1, STDs can access the nearest wireless access point (such as a mobile network base station and gateway) equipped with an ES. By the core network, the ES can offload some computing tasks to the RCCS for execution if there are many computing tasks arriving simultaneously. Meanwhile, the ES can download required services from the RCCS to update the service cache of the ES. The key notations used in this paper are summarized in Table 1.
[image: Diagram illustrating a smart terminal device connecting wirelessly to an edge server, which communicates with a remote cloud center server. Cached services, wireless connections, and core network interactions are depicted, highlighting data flow between devices and servers.]FIGURE 1 | Edge computing network architecture for PIoT with renewable energy sources.
TABLE 1 | Main notations.
[image: Table with two columns, labeled "Notation" and "Description." It details symbols related to computing tasks, resources, transmission characteristics, caching status, and resource demands. Each symbol, such as \(W_i\), \(p_i\), and \(b_i\), corresponds to specific descriptions like computing tasks of \(STD_i\) and transmission power.]3.2 Execution latency model of computational tasks performed by STDs locally
We consider an edge computation system for PIoT with n STDs and m services in the time slot t. Let STD i and server j represent ith STD and jth service, respectively, where [image: Mathematical expression showing that the integer \(i\) belongs to the set \(N\), which is defined as \(\{1, 2, \ldots, n\}\).] and [image: Mathematical expression indicating that \( j \) belongs to the set \( M \), which is defined as the set of integers from 1 to \( m \).]. The computing tasks of STD i can be represented by a tuple [image: Mathematical notation depicts a variable \( W_i \) defined as a set containing elements \( p_i, b_i, v_i, s_{i,j} \).], which means STD i has [image: Please upload the image, and I'll help generate the alternate text for it.] identical computing tasks and each computing task has the amount of input data [image: Please upload the image or provide a URL so I can assist you in generating the alt text.]. Its computing resource demand is [image: It appears you might be referring to a mathematical notation. If you need alternate text for an image, please provide the image by uploading it or giving a URL, and I will assist you with the description.], and [image: Mathematical notation of \(s_{i,j}\), representing an indexed element, possibly in a matrix or sequence, with subscripts i and j indicating specific positions or parameters.] indicates that computing tasks require service j. Suppose that [image: Mathematical expression showing "x" with subscript "i" and superimposed exclamation mark, indicating the symbol for the factorial function applied to "x sub i".], [image: It seems there's a mistake, as no image was uploaded. Please upload the image or provide a URL, and I will help generate the alt text.], and [image: Mathematical notation representing \(x_i^c\), where \(x\) is a variable, \(i\) is a subscript, and \(c\) is a superscript.] are the amount of computing tasks performed by STD i locally, the ES, and the RCCS, respectively, which meet the constraint [image: Mathematical equation: \( x_i^l + x_i^e + x_i^c = p_i \).]. The execution latency of [image: Mathematical expression showing "x" with subscript "i" and superscript "!" (factorial).] computing tasks on STD i locally can be calculated using the following formula:
[image: Equation showing the relationship between \( t' \), \( v_x \), \( t \), and \( c_x \), expressed as \( t' = v_xt/c_x \).]
where [image: Please upload the image or provide a URL, and I can help generate the alternate text for it.] is the computing resource of STD i.
3.3 Execution latency of computational tasks performed by the ES
When the ES performs part of computing tasks of STD i, the execution latency includes the following three parts: task offloading latency from STD i to the ES, computing latency, and result feedback latency. Since the result feedback latency is relatively small, it is ignored in this article. Assuming the channel bandwidth allocated by the wireless network to STD i is [image: Please upload the image or provide a URL, and I will help generate the alternate text for you.] and the transmission power is [image: Mathematical notation displaying the symbol "p" with a subscript "i" and a superscript "up".], the Shannon formula can be used to calculate the data transmission rate between STD i and the ES as follows:
[image: An equation showing the data rate \( r_i \) for a communication channel, expressed as \( r_i = B_i \log_2 \left( 1 + \frac{P_i^ph_i^p}{B_i \sigma^2} \right) \), labeled as equation (2).]
where [image: Mathematical expression in which the variable \( h \) is indexed by \( i \) and raised to the power \( p \), represented as \( h_i^p \).] and [image: Please upload the image or provide a URL so I can generate the alt text for you.] are the channel gain and the noise power spectral density. Therefore, the transmission latency of [image: Please upload the image or provide a URL, and I will create the alt text for it.] computing tasks is
[image: Mathematical equation displaying "c" raised to the power of "-r" equals "b" times "x" raised to the power of "f" divided by "r sub i", labeled as equation three.]
If the ES has cached the service required by STD i, the computing latency depends on the computing resource demand of tasks. Therefore, the computing latency is
[image: The equation depicted is \( c_{i}^{\, *,\mathrm{com}} = v_i x_{i} / c_{i}^{*} \), labeled as equation (4).]
where [image: Mathematical notation displaying a variable \( c \) with the subscript \( i \).] is the computing resource that the ES allocates to STD i. Combining Eqs 3, 4, the latency of the ES performing [image: It looks like you attempted to upload an image, but it's not displaying. Please try uploading the image again, or provide a URL if it's hosted online. You can also add a caption for additional context if you'd like.] computing tasks of STD i can be obtained as follows:
[image: Formula displaying mathematical expression: \( x' = \left( b_{l} / r_{l} + v(\epsilon_{i}) \right)x^{\xi} \).]
3.4 Execution latency of computational tasks performed by the RCCS
If the RCCS performs part of computing tasks of STD i, execution latency includes the following two parts: the first part is the transmission latency of computing tasks, including latency from STD i to the ES and from the ES to the RCCS. The second part is computing latency on the RCCS. The calculation formulas of transmission latency and calculation latency are, respectively, given as
[image: Mathematical equation depicting the critical current density, \( j_{c-f-r} \), equal to \( (b_i / r_i + b_i / R) x_f \). Equation labeled (6).]
[image: Mathematical equation showing \( f_t^{\text{conv}} = v_t \ast f_t / \xi_t \), labeled as equation (7).]
where [image: Please upload the image or provide a URL for me to generate the alternate text.] is the transmission rate of computing tasks from the ES to the RCCS. [image: Certainly! Please upload the image or provide a URL to it, and I can help generate the alternate text for you.] is the computing resource allocated to STD i by the RCCS. Because it has massive computing resources, its computing resources are not necessary to be allocated to each STD optimally. The formula for calculating the latency of [image: Mathematical expression showing a variable \( x \) with subscript \( i \) and superscript \( c \).] computing tasks of STD i offloaded to the RCCS for execution is
[image: Equation showing a mathematical formula: \( \xi_t = (b_1 / r_t + b_2 / R + \nu / c_t) \xi^*_t \), numbered as (8).]
According to Eqs 1, 5, 8, without considering service cache updating, the formula for calculating the execution latency expectation of computing tasks of STD i is
[image: Mathematical equation representing energy, \(E_i\), expressed as a sum of terms involving symbols \(x_t\), \(p_t\), and \(e_t\) over different subscript indexes. It includes fractions, squares, and variables \(v_i\), \(b_t\), \(r_i\), \(c_t'\), and \(R\).]
3.5 Latency of service cache updating
If STDs offload computing tasks to the ES for execution and the ES has not cached services required by these computing tasks, service need to be downloaded from the RCCS to the ES. Let the binary variable [image: Mathematical expression showing \( y_{j}^{s} = 1 \).] denote that the ES has cached service j at the start of the time slot t, otherwise [image: Mathematical expression showing \( y^{s}_{j} = 0 \).]. Assume variable [image: Mathematical expression stating \( y_j = 1 \).] indicates that the ES has cached service j after the service cache updating, otherwise [image: Mathematical expression showing "y sub j equals zero".]. Then, the latency of service cache updating of the ES is
[image: Equation showing \( x^* = \sum_{j=1}^{m} \gamma_j (1 - y'_i) \frac{m_j}{R_0} \), with reference (10).]
where [image: The image displays the mathematical notation "m sub j," where "m" is a lowercase letter followed by the subscript "j."] is the data volume of service j and [image: It seems like you wanted to provide an image, but it did not come through. Please upload the image again or provide a URL. If you have a caption or additional context, feel free to include that as well.] is the transmission rate of downloading services from the RCCS.
3.6 Mathematical description and optimization modeling of problems
Let [image: Mathematical notation showing a vector \( \mathbf{X} \) defined as a set of variables, including \( x_1^l, \ldots, x_n^l, x_1^c, \ldots, x_n^c \).] denote an offloading decision scheme, [image: Mathematical notation showing a vector Y defined as a sequence of elements, represented by \( y_1 \) to \( y_m \), enclosed in angle brackets.] represent a service cache updating scheme, and [image: Mathematical notation representing a vector \( \mathbf{C}^{\varepsilon} \) defined as the sequence \( \langle c^{\varepsilon}_1, \ldots, c^{\varepsilon}_n \rangle \).] indicate a computing resource allocation scheme by the ES. In JOSSCUCTA, the optimization variable is [image: Equation notation showing Gamma (Γ) is defined as a tuple consisting of X, Y, and C superscripted with epsilon.]. Because the system latency of all STDs’ computing tasks includes execution latency and service cache updating latency, aiming to minimize the average system latency of all STDs’ computing tasks, the optimization model is given as
[image: Mathematical optimization problem labeled P0 with the objective function to minimize the average of \( E_i + t^i \) for \( i = 1 \) to \( n \). Subject to constraints: C1 involves variables \( x_i^1, x_i^3, x_i^6 \) ranging between zero and \( p_i \); C2 requires \( c_i \) to be at least zero; C3 and C4 involve binary variables \( y_j \); C5 ensures the sum of \( x_i^1, x_i^2, x_i^6 \) equals \( p_i \); C6 and C7 involve summations with constraints on \( c^i \) and \( y_j \) terms not exceeding \( c' \) and \( m^f \), respectively.]
Every optimization variable has a value range restricted by constraints [image: Certainly! Please upload the image or provide the URL, and I will generate the alternate text for you.]. Suppose that [image: Please upload the image or provide a URL so I can generate the alt text.] is the computing capacity of the ES. Constraint [image: Please upload the image you would like me to generate alternate text for.] indicates that the ES’s computing capacity is greater than the sum of computing resources it allocates to all STDs. Let [image: Please upload the image or provide a URL so I can generate the alternate text.] be the storage capacity of the ES. Constraint [image: It seems there was an issue with your upload. Please try uploading the image again, and I will help generate the alt text for it.] indicates that the total storage requirements for all services cached on the ES cannot exceed the storage capacity of the ES.
4 SOLUTION FOR THE OPTIMIZATION MODE
Taking Eqs 9, 10 into the objective function of [image: Please upload the image or provide the URL so I can generate the alternate text for it.], we obtain
[image: Mathematical equation labeled as equation twelve, representing a complex formula for a function \( f(\Gamma) \). It involves summations, fractions, and various variables including \( x \), \( v \), \( p \), \( b \), \( r \), \( m \), \( y \), and \( R \), with subscripts and exponents.]
It can be proved that if the integer variables X and Y are relaxed to real variables, Eq. 12 is a convex function. Therefore, the optimization model [image: Please upload the image or provide a link to it, and I will generate the alternate text for you.] is an MINLP problem which can be resolved using the OA method. This method can reduce the complexity of optimization problems by transforming MINLP into a non-linear programming (NLP) problem and a mixed-integer linear programming (MILP) problem. Because the objective function of the optimization model [image: Please upload the image or provide a URL, and I will help you generate the alternate text for it.] is non-linear and suppose a real variable [image: Please upload the image for which you need alternate text.] satisfies the constraint [image: Mathematical expression showing \( f(\Gamma) \leq \tau \).], the optimization model [image: Please upload the image or provide a URL for me to generate the alternate text.] can be transformed into an equivalent optimization model [image: Please upload the image or provide a URL so I can generate the alt text for you.] as follows:
[image: Optimization problem labeled P1 aims to minimize τ, subject to f(Γ) being less than or equal to τ, with constraints C1 through C7. This is equation 13.]
Let [image: Mathematical notation displaying the expression X-bar superscripted with (h) inside parentheses.] and [image: A mathematical expression displaying an uppercase Y with a bar over it, followed by a superscripted h in parentheses.] be the certain values of the integer variables X and Y, respectively, satisfying the constraint [image: I can't generate alt text for the image because the image wasn't properly uploaded or linked. Please try uploading the image again or provide a URL.]. By substituting them into the optimization model [image: Please upload the image you want described, and I'll be happy to help with the alternate text.], an NLP problem [image: Please upload the image or provide a URL for me to generate the alternate text.] can be obtained:
[image: Mathematical formula labeled P2, showing an optimization problem with constraints. The formula involves summation, division, multiplication, and exponentiation. Key variables include \( x_i^{(h)} \), \( v_i \), \( p_i \), \( c_i \), \( b_1 \), \( r_i \), and constants. It aims to minimize \( \tau_r \) while adhering to the constraint, eventually less than or equal to \( \text{C7} \), expressed in equation \( (14) \).]
The interior point method can be used to solve the optimization model [image: It seems like there’s no image uploaded. Please upload the image or provide a URL, and I can help create the alternate text for it.]. Suppose the values of the optimal variables are [image: Mathematical expression showing a tuple \( \Gamma^{(h)} \) defined as \(\langle \overline{X}^{(h)}, \overline{Y}^{(h)}, \overline{C}^{e(h)} \rangle\).], the upper bound of the optimization objective function value of [image: I can help generate alternate text for images if you upload the image or provide a URL. Please try again by attaching the image.] can be updated by calculating [image: Mathematical expression showing \( f(\Gamma^{(h)}) \).]. Using the tangent function of the non-linear convex function to replace the non-linear function itself, the OA method relaxes the non-linear constraint into a linear constraint, thereby transforming the MINLP problem into an MILP problem. Let
[image: Equation in an image showing: \( \rho^{(h)}(\Gamma) = f(\Gamma^{(h)}) + \nabla_{X,Y,\sigma} f(\Gamma) \big|_{\Gamma=\Gamma^{(h)}} (\Gamma - \Gamma^{(h)}) \). Labelled as equation (15).]
Add [image: Mathematical expression showing \( p^{(h)}(\Gamma) \leq \tau \).] to the optimization model [image: Please upload the image or provide a URL for me to generate the alternate text.], and replace the non-linear constraint [image: Mathematical expression showing "f of uppercase Gamma is less than or equal to tau."]. The optimization model [image: It seems like there is an error with the image upload. Please try re-uploading the image or provide a URL. You can also add a caption for additional context if needed.] is transformed into an MILP problem.
[image: Optimization problem labeled P3, minimizing variable τ. Subject to p superscript (h) of Γ is less than or equal to τ, with constraints C1 to C7. Equation number (16) is noted.]
By solving the optimization model [image: Please upload the image or provide a URL so I can generate the alternate text for it.], the optimal objective function value [image: Please upload the image so I can help generate the appropriate alt text for it.] and the integer optimization variable values [image: Mathematical notation showing a vector X with a bar above it, raised to the power of h plus one.] and [image: Mathematical expression depicting a variable with a bar over it, \( \overline{Y}^{(h+1)} \), indicating an average or mean, raised to the power of \( (h+1) \).] can be obtained, and the lower bound of the optimization objective value can be updated with the function value [image: Please upload the image or provide a URL so I can generate the alternate text for you.]. The integer optimization variable values [image: The image shows the mathematical expression of X bar with a superscript of h plus one in parentheses.] and [image: Mathematical expression showing an overlined Y in parentheses with superscript h plus one.] are substituted into the optimization model [image: To help with your request, please provide the image by uploading it or sharing a URL.] to realize the iterative calculation of the lower and upper bounds of the optimization target value of [image: It looks like there was an error in the upload process. Please try uploading the image again or provide a URL to the image.]. The algorithm steps of solving the optimization model [image: Please upload the image or provide a URL for me to generate the alternate text.] using the OA method are shown in Algorithm 1
Algorithm 1. The JOSSCUCTA scheme based on the OA method.
	input: [image: Please upload the image or provide a URL for me to generate the alternate text.], [image: Certainly! Please upload the image you'd like me to describe.], [image: It seems there is no image attached. Please upload the image or provide the URL, and I will help generate the alternate text for it.]
	output: [image: It seems there is no image provided. Please upload the image, and I can help generate the alternate text for it.], [image: Please upload the image or provide a URL so that I can generate the alt text for you.], [image: Image depicting the chemical symbol for Cerium, shown as a capital "C" followed by a lowercase "e".];
	Initialization: [image: The text reads "UB equals infinity" with the infinity symbol represented by ∞.], [image: The text "L B equals negative infinity" is shown, indicating a mathematical expression where L B is equal to negative infinity.];
	  [image: Please upload the image or provide a URL, and I'll be happy to help generate the alternate text for it.]
	  [image: Mathematical equation showing the optimization model function P2, represented as \( c^{e(0)} = \text{optimization\_model\_P2}(\overline{X}^{(0)}, \overline{Y}^{(0)}) \).]; [image: Mathematical expression showing: UB equals f of X bar raised to theta, Y bar raised to theta, and c bar e raised to theta.];
	  [image: Mathematical expression showing a function call in an optimization model. The result of the function `optimization_model_P3` with initial parameters \(X^{(0)}\), \(Y^{(0)}\), and \(\bar{c}^{e(0)}\) gives outputs \((X^{(1)}, Y^{(1)}, \tau)\).].
	  [image: A mathematical equation displayed: L subscript B equals τ (tau).];
	  [image: Please upload the image or provide a URL to receive an alt text description.];
	While [image: UB minus LB is greater than ε.] do
	  [image: Equation for cost estimation in optimization: \( \hat{c}^{(h)} = \text{optimization\_model\_P2}(\overline{x}^{(h)}, \overline{y}^{(h)}) \).];
	  [image: The mathematical equation describes the upper bound (UB) as the minimum of the existing UB and a function \( f \) of variables \(\bar{x}^{(h)}\), \(\bar{y}^{(h)}\), and \(\bar{c}^{e(h)}\).];
	  [image: Mathematical expression showing an optimization model. It states that the variables X superscript \(h+1\), Y superscript \(h+1\), and \(\tau\) are equal to the function optimization underscore model underscore P3 with inputs X superscript \(h\), Y superscript \(h\), and ce superscript \(h\).].
	  [image: Please upload the image or provide a URL to generate the alternate text.];
	  [image: Equation showing \( h = h + 1 \).];
	End While

5 PERFORMANCE EVALUATION
An evaluation of the efficiency of JOSSCUCTA is conducted in this section. The specific simulation environment is as follows: the simulation in this paper was conducted using MATLAB. The edge computation system includes one RCCS, one WiFi wireless access point, one ES, and multiple STDs. STDs are randomly distributed in a square area, and the center of the area is deployed with one wireless access point and one ES. Channel gain is [image: Mathematical equation: \( h_i^{u^p} = d_i^{-4} \).], and [image: Please upload the image or provide a URL link to it so I can help generate the alternate text.] is the distance between wireless access point and STD i. [image: It seems there's no image attached. Please upload the image or provide a URL for me to generate the alt text.] satisfies the uniform distribution [image: Math formula: \( U \sim (0.8, 1) \, \text{Gcycles/s} \).]. [image: The formula shows \( p_i^{up} = 100 \, \text{mv} \), representing a variable or parameter labeled \( p_i^{up} \) set to one hundred millivolts.], [image: The mathematical expression shown is \( B_i = 1 \, \text{Mbps} \), which represents a bandwidth of one megabit per second.], and [image: Mathematical expression showing the noise power spectral density, represented as sigma squared equals negative one hundred seventy-four decibels per milliwatt per hertz.]. [image: Please upload the image or provide a URL for it so I can generate the alternate text.] satisfies the distribution [image: Uniform distribution notation with U approximately distributed between zero point five and one, measured in megabits per second.]. The ES and the RCCS computing resource are [image: The text shows "15Gcycles/s" in italics, likely representing gigacycles per second, a unit of frequency.] and [image: Graph showing resolution capabilities labeled as "100 Gcycles/s", indicating a high-frequency measurement. The setup appears designed for advanced signal or data processing analysis.], respectively. The ES’s storage resource is [image: Mathematical equation showing \( m^e = 35 \text{Mbps} \).]. There are five services, and the storage space required by each service obeys the distribution [image: Uniform distribution notation indicating the variable \( U \) is distributed between \( 10 \) and \( 20 \) megabits per second (Mbps).]. The efficiency of JOSSCUCTA was verified by comparing with the following computing task allocation schemes:
	• All local: STDs perform all computing tasks locally.
	• All offloading: The BS or the RCCS execute all computing tasks.
	• STD–edge-cloud collaborative computing without service cache updating (SE3CSCU): Use the optimization scheme proposed in this article to allocate computing tasks to devices, but set the download times of services to infinity, making cached service updating impossible.

To verify whether JOSSCUCTA can reduce the average system latency of all STDs’ computing tasks when the ES has not cached services required by STDs, experiments 1 and 2 assume that services required by all STDs are not cached by the ES. The simulation scenario of experiment 1 is as follows: there are five STDs that require five servers, or that require two services. A comparison of the average system latency of different computing offloading schemes as the number of computing tasks of each STD increases is illustrated in Figure 2. As each computing task requires more and more computing resources, the average system latency of different task allocation schemes is compared, as shown in Figure 3.
[image: Line graph showing average system latency of computing tasks with varying methods. The x-axis represents the number of computing tasks, while the y-axis indicates average system latency. Five methods are compared: JOSSCJUCTA (5 STDs need 5 services), JOSSCJUCTA (5 STDs need 2 services), All local, All offloading, and SECJSCCU. The graph shows increasing latency with more tasks, with "All offloading" having the steepest increase. An inset further highlights data for small task numbers.]FIGURE 2 | Efficiency comparison of all computing offloading schemes using different numbers of computing tasks of an STD.
[image: Line graph showing average system latency versus computing resource requirements. It includes four lines representing different computing methods: all local, all offloading, SE3CSCU, and JOSSCU-CTAS STDs requiring five services. A detailed inset highlights differences among the methods at lower resource requirements. The x-axis represents computing resource requirements from 0 to 1, and the y-axis shows average latency from 0 to 4.5.]FIGURE 3 | Efficiency comparison of all computing offloading schemes using different resource requirements of computing tasks.
Figures 2, 3 show that as the number of computing tasks on each STD increases or the computing resources required to perform each computing task increase, the average system latency of all computation offloading schemes increases. Because each STD’s total computing tasks require more computing resources and each STD or the ES has constant computing resources, each computing task is allocated fewer resources. As a result, the average system latency increases.
The average system latency of JOSSCUCTA increases as the number of servers required by STDs increases because the more STDs need the same service, the earlier the service is downloaded from the RCCS to the ES. The average system latency of all local is the highest among all computation offloading schemes, which indicates that computing intensive tasks are hardly to perform locally. SE3CSCU has higher average system latency than JOSSCUCTA because without service cache updating, computing tasks of STDs can only be offloaded to the RCCS.
The simulation scenario of experiment 2 is that the server required by each STD in the edge computation system is different. As shown in Figure 4, the average system latency of JOSSCUCTA gradually increases as the number of STDs increases when there are fewer STDs in the edge computation system. This is because the ES allocates fewer computing resources to each task when STDs offload more computing tasks to it. However, with an increasing number of STDs, more computing tasks are executed on the RCCS to obtain a smaller execution delay. Thus, average system latency does not continue to increase. Meanwhile, in computing task allocation schemes of all local and all offloading, the average execution latency does not increase or decrease consistently as it depends on computing resource requirements, computing resources supplied by all STDs, and transmission latency.
[image: Line graph comparing average system latency of four computing strategies: JOSSCUCTA, All local, All offloading, and SEJSCU, across 1 to 8 STDs. JOSSCUCTA shows lowest latency, while All local has the highest. Latency increases slightly with more STDs.]FIGURE 4 | Efficiency comparison of all computing offloading schemes using different numbers of STDs.
To verify whether JOSSCUCTA can reduce the average system latency of all STDs’ computing tasks when the ES has not cached part of the services required by STDs, the simulation scenario of experiment 3 is that the edge computation system contains five STDs, and each of them requires different services. The ES has cached three services which are required by first to third STDs, and there is no enough storage capacity in the ES to cache more servers. Figure 5 illustrates the comparison of all computing offloading schemes when the number of computing tasks of the fourth and fifth STDs increases.
[image: Line graph showing the average system latency of computing tasks on the y-axis and the number of computing tasks of fourth and fifth STDs on the x-axis. Four lines represent different methods: JOSSCUCTAS, All local, All offloading, and SECXSCU. JOSSCUCTAS consistently shows the highest latency, while SECXSCU shows the lowest. An inset highlights the interaction between methods at lower task numbers.]FIGURE 5 | Efficiency comparison of all computing offloading schemes using different numbers of computing tasks of fourth and fifth STDs.
In Figure 5, we can see even if the services cached in the ES are all required by STDs and the ES has no more storage resources to cache other services, JOSSCUCTA can reduce the average system latency. Because an STD has many computing tasks, it will increase transmission latency to offload them to the RCCS. JOSSCUCTA can download the service required by the STD to the ES, reducing the transmission latency of these computing tasks. To cache the new service, the ES needs to delete services required by other STDs with a small number of computing tasks and perform their computing tasks on the RCCS. Even though the total execution latency of these STDs has increased, it remains that the pros outweigh the cons.
The simulation scenario of experiment 4 is that there are two categories of STDs in the edge computation system. The services required by one category of STDs have been cached on the ES, and there are no more storage resources to cache other services on the ES. The services required by another category of STDs are not cached by the ES, but they are the same services. Figure 6 shows the comparison of all computing offloading schemes as the number of the second category of STDs increases.
[image: Line graph showing average system latency of computing tasks versus the number of second-category STDs. Four methods are compared: JOSSCUCTA, All local, All offloading, and SEOSCU. An inset highlights differences among the methods, with JOSSCUCTA performing better at lower latency levels.]FIGURE 6 | Efficiency comparison of all computing offloading schemes using different numbers of the second category of STDs.
We can see that when there are fewer STDs of the second category, the average system latency of JOSSCUCTA is the same as that of SE3CSCU, as shown in Figure 6 because server cache updating does not occur. However, as more and more STDs need the same service, JOSSCUCTA improves performance further. This is because the required service can be downloaded to the ES through service cache updating. Therefore, JOSSCUCTA can effectively adapt quickly to the changing service requirements of many STDs.
6 CONCLUSION
Massive heterogeneous data in PIoT with renewable energy need to be processed, and the demand for computing power and communication resources has increased dramatically. Edge computation can significantly improve the computational performance of the smart power grid. However, as the categories of computing tasks increase in PIoT and ESs are equipped with limited storage resources, ESs cannot cache all types of services required by STDs’ computing tasks. Therefore, this article proposed JOSSCUCTA for PIoT with renewable energy sources and established it as an MINLP problem. Simulation experiments showed that the JOSSCUCTA scheme can effectively reduce the average system latency of all STDs’ computing tasks when the ES has not cached or cached part of the services required by computing tasks.
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As the digital economy increasingly dominates a substantial portion of the national economy, comprehending its role in promoting sustainable development has become an imperative research question—particularly in the context of the Yellow River Basin, where there exists an urgent need to shift toward more sustainable modes of economic growth. Utilizing panel data spanning from 1999 to 2020 for 114 cities in the Yellow River Basin, this study develops a comprehensive evaluation framework for sustainable development, incorporating economic, social, and ecological dimensions. The empirical findings reveal that the digital economy acts as a catalyst for sustainable development. Importantly, these results withstand both endogeneity tests and robustness checks. Further heterogeneity analysis indicates that the positive impact of the digital economy on sustainable development is more pronounced in regions directly traversed by the Yellow River and in areas with higher sustainability levels. Moreover, the enactment and implementation of the 13th Five-Year National Information Plan have emphasized the role of the digital economy in enhancing sustainable development. Mechanism tests also illustrate those elevated levels of personal digital acceptance and government intervention contribution to amplify the digital economy’s positive impact on sustainable development. In conclusion, policy recommendations are put forward, including optimizing industrial structure, strengthening data governance and environmental monitoring, promoting innovation-driven development, and fostering collaborative growth.
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1 INTRODUCTION
Given the rapid advancement of information technology and the pervasive integration of digital processes, the digital economy has ascended as a primary engine of global economic growth in the 21st century (Ma and Zhu, 2022). Characterized by attributes such as efficiency, innovation, and broad societal benefits, the digital economy has radically disrupted traditional industrial frameworks and modes of economic expansion. Concurrently, it has facilitated the mainstream adoption of emergent information technologies such as artificial intelligence, blockchain, big data, and cloud computing, thus revitalizing the global economic landscape. This transformation is particularly salient against the backdrop of the COVID-19 pandemic, which has imposed constraints on traditional economic activities, further elevating the significance of the digital economy as a pivotal driver in the new economic era (Yin and Yu, 2022).
The Yellow River Basin, a region integral to China’s economic and cultural landscape, possesses distinct resource advantages but also faces intricate challenges. These challenges encompass a fragile ecosystem, escalating resource conflicts, and the precarious equilibrium between developmental objectives and environmental preservation (Zhang et al., 2022a). Given China’s Dual Carbon Policy initiative, the pursuit of sustainable development in the Yellow River Basin has garnered heightened attention from multiple governance levels and has become an urgent societal mandate (Zeng et al., 2023). The emergence of the digital economy offers innovative pathways for achieving low-carbon and sustainable growth in this region. In contrast to traditional economic systems, the digital economy minimizes reliance on and consumption of natural resources. Its decentralized and trans-regional nature alleviates limitations on the basin’s sustainable development. Leveraging emergent digital technologies can facilitate efficient resource management and distribution, while the extensive deployment of environmental monitoring systems enhances governmental strategies for ecological governance (Zhao et al., 2023). Thus, the intrinsic strength of the nexus between the digital economy and sustainable development emphasizes its pivotal role in the low-carbon sustainability of the Yellow River Basin.
The current existing literature primarily revolves around the intersections between digital transformations and enterprise sustainability (Stefano et al., 2021; Gerard and Simon, 2022), governmental sustainability (Gema et al., 2021; Zhang et al., 2022b), and supply chain resilience (He and Bai, 2021; Sachin et al., 2022). Despite the extensive nature of existing research, there is a conspicuous scarcity of studies concentrating on the Yellow River Basin in China. Notably absent is an exploration of whether the digital economy in the 114 prefecture-level cities in the Yellow River Basin can propel sustainable development, the pathways for its realization, and the potential existence of heterogeneity issues in the influencing process. Examining these issues is of significant theoretical and practical importance for the reasoned development of China’s digital economy and the achievement of sustainable long-term goals. Simultaneously, it can provide valuable insights and references for regions worldwide confronting similar conditions.
To address the aforementioned issues, this study employs panel data from the 114 prefecture-level cities in the Yellow River Basin spanning the years 1999–2020. The empirical analysis is conducted using Stata software. Firstly, it establishes a fixed-effects model to empirically analyze the relationship between the digital economy in prefecture-level cities in the Yellow River Basin and sustainable development. Secondly, it constructs an evaluation framework for sustainable development that considers economic, social, and ecological perspectives. This framework explores the different impacts of China’s digital economy on sustainable development, distinguishing between periods before and after the issuance of the pivotal document “National Information Planning for the 13th Five-Year Plan.” Simultaneously, the study conducts empirical analysis to address issues of heterogeneity during the influencing process. Lastly, examining from both individual and governmental perspectives, this study investigates whether there is a moderating effect of personal digital acceptance and government intervention in the baseline regression.
The research contribution of this paper is threefold: Firstly, it addresses the deficiency in empirical analysis of the relationship between the digital economy at the prefecture level in the Yellow River Basin and sustainability. It establishes a comprehensive evaluation framework for sustainable development, considering multiple dimensions. Secondly, the Yellow River Basin is categorized based on whether it is directly traversed, policy issuance timing, and levels of sustainability. This approach allows for the consideration of heterogeneity in baseline regression under different conditions. Simultaneously, a meticulous empirical and theoretical analysis of influencing mechanisms during the impact process is conducted, providing a more diversified reference for drawing research conclusions. Lastly, situated in the environmentally complex and infrastructure-limited context of the Yellow River Basin in China, this study holds relevance for sustainable development in other regions globally facing similar conditions. It offers valuable guidance on how regions can effectively develop and leverage the digital economy for sustainable development.
The structure of the remaining sections of this paper is organized as follows: Section 3 furnishes a theoretical analysis; Section 4 delineates the empirical models deployed for analysis, along with a discussion of the variables incorporated; Section 5 presents the results of the empirical regression, encompassing benchmark regression, endogeneity tests, robustness checks, and heterogeneity analyses; Section 6 delves into a mechanistic examination of the model, testing the mediating effects of individual digital adoption and governmental interventions within the benchmark regression; and finally, Section 7 consolidates the study’s findings and proposes relevant policy recommendations.
2 LITERATURE REVIEW
The integration of the digital economy with various industries and the increasing national strategic emphasis on sustainable development have brought significant attention to the relationship between the digital economy and sustainability across various sectors. Upon reviewing existing literature, the primary areas of discussion predominantly concentrate on three aspects: the impact of the digital economy on economic sustainability, its influence on social sustainability, and its effects on ecological sustainability. The following will provide a systematic summary and analysis of relevant literature on these topics.
When examining the impact of the digital economy on economic sustainability, existing literature primarily focuses on three key aspects: the in-depth application of digital technologies, the expansion of digital platforms, and the intelligent computation of production data. Firstly, concerning the in-depth application of digital technologies, Strandhagen et al. (2022) posit that incorporating digital technologies into the production process enables automation and intelligence, facilitating unmanned production lines. This not only reduces labor input and production time but also enhances production efficiency. Fu and Zhang (2022) contend that intelligent manufacturing systems can optimize production plans, reduce inventory costs, and diminish surplus capacity through real-time data analytics and predictive algorithms, thereby mitigating resource wastage and promoting sustainable economic growth. Additionally, Lee et al. (2023) posit that the digital economy has effectively alleviated geographical constraints on economic development. The creation of digital communication and collaboration platforms allows enterprises to source suppliers and partners globally, select optimal production locations, and ensure efficient resource allocation across the value chain, thereby reducing operational costs and stimulating sustainable economic growth. Furthermore, digital technologies enable personalized production and bespoke services, addressing issues related to overproduction and inventory surpluses while simultaneously catering to diverse consumer preferences and enhancing resource-use efficiency (Sjodin et al., 2020). Secondly, in the expansion of digital platforms, the widespread adoption of digital technologies and the proliferation of digital platforms have democratized market entry, fostering competition and innovation. This market diversification stimulates sustainable economic growth by engaging a broader array of innovators and entrepreneurs (Liu et al., 2022a). Through an empirical study on SMEs in Malaysia, Wong et al. (2020) deduced that the technological advancements mitigate information asymmetry and bolster market transparency, contributing to the economy’s robust and sustainable growth. Ultimately, in the intelligent computation of production data, the advent of digital technology enables market participants to gain a more precise understanding of market supply and demand dynamics as well as price fluctuations. This precision enhances the market’s ability to accurately mirror the supply-demand relationship, mitigating the risk of market failure and fostering market stability (Kong et al., 2022). Zhou et al. (2020) argue that decision-making frameworks fueled by big data, cloud computing, and artificial intelligence enable enterprises to adapt to market shifts more efficiently, tailor products and services that resonate with consumer demands, and enhance their competitive edge. The infusion of information technology in risk management and sustainability assessment induces enterprises to adopt a long-term perspective, thereby averting the deleterious impacts of short-termism on the environment and society (Urbinati et al., 2020).
Regarding the impact of the digital economy on social sustainability, prevailing literature predominantly highlights three crucial considerations: the promotion of employment and entrepreneurial opportunities (Ratten and Usmanij, 2021), the enhancement of policymaking and oversight capabilities, and the assurance of financial inclusion and social welfare (Lechman and Popowska, 2022). Firstly, regarding the promotion of employment and entrepreneurial opportunities, rapid technological advancements have catalyzed the emergence of new sectors such as e-commerce, intelligent manufacturing, and online education. These burgeoning fields have consequently created a diverse range of employment opportunities, fostering job diversification in roles spanning service, management, and beyond (Warner and Wäger, 2019). Concurrently, the establishment of digital communication platforms has lowered the barriers to entrepreneurship, invigorating economic activity and attenuating traditional employment scarcities (Fernandes et al., 2022). Novel work arrangements like remote working, freelancing, and the sharing economy enable individuals to customize their employment settings, enhancing job satisfaction, circumventing commute-related limitations, and elevating overall work efficiency (Lee and Lee, 2020). The advent of digital education and online training platforms cultivates and elevates the populace’s awareness of lifelong learning, bolster the professional competitiveness of individuals, thereby enabling them to adapt more effectively to evolving labor market conditions (Anthonysamy et al., 2020). Secondly, in enhancing policymaking and oversight capabilities, the advent of data-driven governance enhances policy effectiveness by curtailing subjective biases and bolstering targeted approaches (Zhu and Chen, 2022). Additionally, the utilization of social media and online surveys equips policymakers with immediate public feedback, allowing for expedient policy adjustments and bolstering policy feasibility and rationality (Appel et al., 2020). As suggested by Ma and Wu (2020), digital platforms facilitate understanding of policy documents and government expenditures, thereby enhancing governmental transparency and fostering social sustainability. Thirdly, in ensuring financial inclusion and social welfare, digital financial instruments such as mobile payments, digital banking, and blockchain technologies transcend the geographical and sectoral limitations inherent in traditional finance (Ozili, 2018). This inclusivity extends financial services to previously marginalized demographics like rural inhabitants and low-income individuals (Mushtaq and Bruneau, 2019). The streamlining of online business processes significantly minimizes transactional delays, bolstering public engagement in economic activities and thus advancing financial inclusion (Chen et al., 2023). Furthermore, the digitalization of social welfare services, such as social security payments and e-healthcare, enhances service efficiency and convenience, contributing to elevated social welfare standards and the broader aim of social sustainability (Schou and Pors, 2019).
In examining the impact of the digital economy on ecological sustainability, existing literature places particular emphasis on three key dimensions: carbon footprint management (Zulfiqar et al., 2023), smart city construction (Rathore et al., 2018), and innovation in environmental monitoring (Xu et al., 2022). Firstly, concerning carbon footprint management, Yan et al. (2022) argue that real-time data collection through digital technologies such as big data and the Internet of Things (IoT) can establish an accurate carbon emissions database. This resource allows enterprises, governments, and individuals to comprehensively understand the magnitude and composition of their carbon footprints. Leveraging database-driven analytics, stakeholders can formulate targeted energy management strategies, optimize industrial processes, and consequently diminish carbon emissions, fostering energy conservation and emissions reduction (He et al., 2023). The development of renewable energy, clean technology, and other sectors is increasingly characterized by cost-effectiveness and heightened efficiency, facilitated by advances in digital technology (Townsend and Coroama, 2018). Simultaneously, traditional industries are undergoing a digital transformation, steering towards low-carbon operations in response to a myriad of carbon emission regulations (Cao et al., 2021). Secondly, in the domain of smart city construction, digital technologies are paramount in the evolution of smart cities. Their implementation elevates resource utilization rates and renders the management of pollutants like wastewater and exhaust gases more precise and controllable (Wang et al., 2022). Intelligent traffic systems optimize flow control, mitigating congestion and reducing energy wastage (Melkonyan et al., 2022). Furthermore, urban planning strategies bolstered by digital technology have successfully mitigated the ecological consequences of urban sprawl, fostering ecological sustainability (White et al., 2021). Lastly, in the innovation of environmental monitoring, digital sensing and remote sensing technologies facilitate the real-time acquisition of essential environmental parameters. These data streams enable governmental agencies to gauge environmental shifts and pollution levels accurately, thereby informing more scientifically grounded policy decisions (Li, 2022). IoT and big data further augment regulatory oversight by allowing real-time monitoring of industrial emissions, facilitating prompt identification and remediation of excessive pollutant discharges (Wan et al., 2023). Moreover, digital tools offer a multi-faceted analytical framework for assessing ecosystem health, enabling predictive modeling of ecological trends (Li et al., 2020). This predictive power informs targeted ecological restoration strategies, enhancing the ecosystem’s resilience and adaptability, thereby advancing its sustainable development (George et al., 2021).
Existing literature has extensively examined the individual impacts of the digital economy on economic sustainability, social sustainability, and ecological sustainability. However, there has been scarcity of studies that integrate these three aspects of sustainability for comprehensive examination. Dialectical materialism argues that an isolated and one-sided approach may struggle to grasp the essence of the issues. In line with this perspective, the present study considers the economic, social, and ecological dimensions, constructing a comprehensive evaluation framework for sustainable development. Through empirical analysis of the digital economy’s impact on these indicators, the study aims to provide theoretical support for the development of the digital economy in the Yellow River Basin and the enhancement of its overall sustainability. This integrative approach is expected to offer a more holistic understanding of the intricate relationships between the digital economy and sustainable development in the specified region.
3 RESEARCH DESIGN
3.1 Model setting
3.1.1 Benchmark regression model
To empirically evaluate the association between the digital economy and sustainable development, this study focuses on 114 cities within the Yellow River Basin from 1999 to 2020. Utilizing a Fixed Effects Model, the paper employs Stata software to conduct a regression analysis on relevant data. The baseline regression model for this research is structured as follows (Ma et al., 2022):
[image: Mathematical equation expressing a model for \( s_{it} \) as a function of time-varying variables. It includes the coefficients \(\beta_0\), \(\beta_1\) for the variable eco-dig, a summation over \(\beta_k X_{ik, t}\), and error terms \(\mu_t\) and \(\epsilon_{it}\).]
In Equation 1, [image: Mathematical expression of a sine function notation in italic style, with the letters "s" and "i" leading into the "n" which is not visible.] denotes the level of sustainable development for city [image: If you provide an image or a URL to the image, I can help generate the alt text for it. Alternatively, you can describe the image, and I can assist based on your description.] in year [image: Please upload the image or provide a URL so I can generate the alt text for you.]. The term [image: Mathematical symbol for beta subscript zero, often representing the intercept in statistical regression equations.] serves as the intercept; [image: Text displaying the phrase "eco-digit" in italicized font.] is the core independent variable, representing the development level of the digital economy in city [image: Mathematical symbol for the imaginary unit "i" shown in italic script.] at time [image: Please upload the image or provide a URL so I can generate the alternate text for you.]. [image: It appears you've included a mathematical expression, possibly related to a regression coefficient. For alt text, provide context or details about its use. If there is an image, please upload it or provide a URL.] is the coefficient for this variable; [image: Mathematical expression showing \( X_{k,it} \) with subscript indices \( k \), \( i \), and \( t \).] represents several control variables, reflecting the important economic and social characteristics of the Yellow River Basin, [image: Greek letter beta with a subscript k.] are their respective coefficients; [image: Lowercase Greek letter mu with subscript i, typically used to denote a specific mean value in a set of data or a particular chemical potential in scientific equations.] signifies the regional fixed effect; [image: ε subscript i t] is the random error term.
3.1.2 Moderating effect model
To further elucidate the mechanisms through which the digital economy influences sustainable development, this study investigates the moderating roles of Personal Digital Acceptance ([image: Please upload the image or provide a URL so I can generate the alt text for you.]) and Government Intervention ([image: Please upload the image or provide a URL so I can help generate the alternate text for it. You can also include any specific context you want considered.]) in the benchmark regression model, from both individual and governmental perspectives.
From the perspective of individual digital acceptance, firstly, regarding the impact of the digital economy on individual digital acceptance, as the integration of digital technologies into various facets of production and daily life follows a “technology acceptance curve.” The advent of digital technology has drastically reduced the costs associated with information transfer and transactions. This enhanced efficiency enables individuals to acquire pertinent information promptly and accurately, thus lowering the entry barriers to the digital economy. As a result, individual acceptance of digital technology has been on steadily upward trajectory. Concurrently, the digital economy offers opportunities for personalized and customized services, further enhancing individual willingness to embrace this economic model (Wang et al., 2023a). Moreover, the proliferation of online social networking platforms has facilitated the exchange of opinions, bolstering individual acceptance rates under the influence of “herd behaviour” (Oh et al., 2022). The continual innovation within the digital economy also introduces more compelling digital products, better meeting diverse individual needs and bolstering digital economy acceptance (Grover et al., 2019). On the other hand, concerning the impact of individual digital acceptance on sustainable development. Elevated levels of personal acceptance of digital technologies have augmented access to information and knowledge about sustainable development. A comprehensive understanding of its principles, challenges, and solutions enables greater active participation in its advocacy and implementation (D’Amato and Korhonen, 2021). Digital platforms also play a crucial role in offering consumers comprehensive product information, influencing choices toward environmentally sustainable options. This, in turn, creates incentivizes manufacturers to adhere more closely to sustainability standards (Grunert et al., 2014). Additionally, improved individual technology acceptance facilitates sustainable investment and financial innovation. Through digital platforms, investors can obtain data on projects with significant environmental and social impact, thus directing capital flows into these sectors and bolstering financial support for sustainable development (Wang et al., 2023b).
From the vantage point of governmental intervention, firstly, concerning the impact of the digital economy on government intervention, Liu et al. (2022b) assert that the digital economy contributes to the scientific rigor of government policymaking. On one hand, the plethora of data generated by digital technologies illuminates trends in economic, societal, and environmental development. This enables governments to identify issues, establish objectives, and assess policy efficacy through data analytics, optimizing public service delivery and elevating societal wellbeing more precisely (Zhang et al., 2022c). Moreover, the digital economy not only presents novel fiscal and tax challenges but also offers innovative tools for governance. Technologies like digital currency and blockchain have notably heightened the efficiency of governmental oversight in financial markets and tax administration. Various digital regulatory mechanisms have refined the precision and intelligence of market intervention, effectively guiding market operations and mitigating financial and market risks (Oliveira et al., 2020). On the other hand, regarding the impact of government intervention on sustainable development. Hao et al. (2022) suggest that governmental intervention can act as a catalyst for sustainable development. Through various instruments like taxation, subsidies, and emissions caps, governments can compel enterprises to internalize environmental costs, encouraging a focus on environmental and social impacts. Concurrently, the establishment of environmental regulations and standards can modulate corporate production behaviours, fortifying environmental conservation measures and lessening environmental degradation (Xu et al., 2023). Furthermore, within the educational sphere, governmental initiatives can enhance public awareness and comprehension of environmental issues, fostering a shift toward sustainable consumption and lifestyles through public outreach and educational programs (Lin et al., 2021). Financial incentives such as scientific research funding and tax benefits, can also stimulate advancements in environmental protection technologies and sustainable innovation, thereby reducing resource consumption and environmental pollution (Khan et al., 2021).
Based on the preceding analysis, this study ultimately adopts the mobile phone penetration rate—defined as the ratio of the number of mobile phone users to the total population at the year’s end—as a proxy variable for individual digital acceptance. Additionally, the fiscal health of a locality, expressed as the ratio of local general budget revenue to GDP, is selected as a proxy variable for governmental intervention. To investigate whether individual digital acceptance and governmental intervention exert a moderating influence on the promotion of sustainable development, this study constructs an interaction term between these moderating variables and the core explanatory variable. The aim is to explore whether there is a moderating effect by assessing the regression coefficient of the interaction ter. The formula for assessing this specific moderating effect is as follows (Liang and Li, 2023):
[image: Equation depicting a statistical model: \( s_{it} = \gamma_0 + \gamma_1 eco\text{-}dig_{it} + \gamma_2 Med_{it} + \gamma_3 eco\text{-}dig_{it} \times Med_{it} + \sum \gamma_k X_{k,it} + \mu_t + \varepsilon_{it} \), labeled as Equation 2.]
In Equation 2, [image: Sorry, I cannot generate alternate text for the image because it was not provided. Please upload the image or provide a URL.] denotes the moderating variables, specifically individual digital acceptance and governmental intervention. All remaining variables adhere to definitions established previously. The introduction of the interaction term [image: The formula shows the expression gamma sub three multiplied by Med sub it.] in Eq. 2 highlights the need to manage the risk of multicollinearity between the core explanatory variable and the moderating variables. To address this, we center both the core explanatory and moderating variables prior to analyzing their moderating effects.
3.2 Variable description
3.2.1 Explained variable
Since the publication of the “China 21st Century Population, Environment, and Development White Paper” in 1994, which initially incorporated the concept of sustainable development into China’s long-term economic and social planning, the enduring significance of sustainability in China’s economic trajectory has been steadfast. Sustainable development encompasses economic, social, and ecological dimensions, which are interdependent and mutually reinforcing. This study undertakes a comprehensive review of extant academic literature and constructs an evaluative framework for sustainable development, focusing on its economic, social, and ecological facets.
First, with regard to economic sustainability, this study adopts metrics informed by the research of Cillo et al. (2019). Disposable income of urban residents is chosen as an indicator of income status, while the urban registered unemployment rate serves as a proxy for employment conditions. Additionally, the ratio of total retail sales of consumer goods to the year-end population size is utilized to gauge consumption levels (Azadi et al., 2015). To assess industrial development and infrastructure, key performance indicators include the proportion of the tertiary sector’s total output value to GDP and total freight volume (Bui et al., 2021).
In the realm of social sustainability, we refer to the work of Li et al. (2021) and select the proportion of foreign direct investment in GDP as a proxy for openness of the economic environment. The ratio of fixed asset investment to GDP is employed to assess capital investment levels. Labor efficiency is quantified via the ratio of GDP to the year-end total population, while innovation output and input are measured respectively by the number of invention patents per 10,000 individuals and the ratio of science and technology expenditure to local government’s general budgetary expenditure (Tan et al., 2016).
Concerning ecological sustainability, guided by the methodologies outlined by Yang et al. (Yang et al., 2020), this study opts for the ratio of annual total electricity consumption to GDP as a proxy for resource utilization. Urban greening is assessed through the greening coverage rate of built-up areas. Per capita greening is measured by the ratio of garden green space area to the year-end total population (Ameen et al., 2015). Finally, in relation to environmental remediation and pollution metrics, this paper references the work of Nizetic et al. (2019) and employs the ratio of total industrial wastewater discharge to annual water supply, as well as the ratio of industrial smoke (dust) emissions to GDP. For specific details regarding the variables, please refer to Table 1.
TABLE 1 | Sustainable development evaluation system.
[image: Table outlining sustainability indicators divided into three levels: economic, social, and ecological. Economic indicators include income status and employment conditions. Social indicators cover economic environment and capital investment levels. Ecological indicators focus on resource utilization and urban greening. Each indicator has a description detailing specific measurement criteria.]This study employs the entropy evaluation method to derive a comprehensive index for measuring sustainable development. Within this framework, metrics such as employment status, environmental remediation, resource consumption, and pollution discharge are considered as negative indicators, while all other parameters are deemed positive. To facilitate uniform comparison, each metric undergoes a dimensionless transformation through range normalization, which is followed by an additional normalization transformation through range normalization, flowed by an additional normalization process. The entropy evaluation method is then applied to calculate aggregate scores, enabling the assessment of sustainable development levels across different cities over varying time periods. A higher value of this comprehensive index correlates with an elevated level of sustainable development.
3.2.2 Core explanatory variable
Currently, the academic community employs two primary methodologies for assessing the level of digital economic development. The first approach involves constructing a comprehensive evaluation system for the digital economy, grounded in its formal definitions and inherent attributes (Luo and Zhou, 2022; Chen and Zhang, 2023). Alternatively, a singular metric can be utilized for this purpose, such as Li et al.'s usage of the digital financial inclusion index to depict the state of urban digital economic development (Li et al., 2022). Drawing upon the research of Wang et al. (2023a), this study measures digital economic development through the proportion of total industrial output value generated by computer, communication, and other electronic equipment manufacturing industries above a predetermined size, relative to the value-added in the broader manufacturing sector. This specific metric sheds light on the pivotal role the digital economy plays in resource allocation, production efficiency, and the harmonization of the industrial, value, and supply chains. Meanwhile, the manufacturing of computers, communication equipment, and other electronic devices plays a crucial role in the digitization process of industries. Its proportion in the total output value of the secondary industry effectively reflects the level of development in the digital economy.
3.2.3 Mediating variable
In evaluating personal digital acceptance, this study quantifies the mobile phone penetration rate as the ratio of the number of mobile phone users to the total population at year-end, utilizing it as a proxy for personal digital acceptance. Turning to governmental intervention, this research employs the ratio of local fiscal general budget revenue to GDP as an indicator to gauge the extent of such intervention.
3.2.4 Control variables
In terms of control variables, R&D capability serves as a pivotal catalyst for the advancement of the digital economy and its sustainable transformation, with technical personnel serving as crucial enablers for R&D functions. To capture research and development support, the study employs the ratio of employees in scientific research and comprehensive technological units to the total workforce as a metric to assess research and development support ([image: Please upload the image so I can help generate the alternate text for it.]). Concurrently, the ongoing expansion of higher education in China acts as a conduit for disseminating and actualizing sustainable development concepts, thereby elevating levels of sustainable innovation. This is quantified by the study through the indicator of the number of higher educational institutions per 10,000 individuals ([image: Please upload the image you'd like to generate alternate text for.]). Moreover, significant income disparities between urban and rural sectors ([image: Text displaying the word "income" in italicized font style.]) can lead to resource allocation imbalances, impeding investment and human capital formation in rural areas, thereby negatively impacting rural sustainable development (Li et al., 2023). Therefore, an investigating of this urban-rural income gap is integral to this research. Lastly, financial support plays a crucial role in achieving long-term sustainable development by directing investments toward sustainable industries and ensuring a balance between economic growth and environmental concerns. To measure this aspect, the study uses the ratio of the deposit and loan balances in financial institutions to GDP ([image: The image shows the italicized lowercase word "fina".]).
3.2.5 Data sources
This study utilizes panel data spanning from 1999 to 2020 for 114 cities in the Yellow River Basin. The primary sources of this data include the “China City Statistics Bulletin,” the “China City Statistics Yearbook,” records from various city statistical bulletins, and the EPS database. It is essential to highlight that statistical efforts commenced relatively late in certain remote areas, resulting in variations in data quality. To address minor gaps in the dataset over the sample period, this research employs linear interpolation for measurement and supplementation. The descriptive analysis of the variables used is presented in Table 2.
TABLE 2 | Descriptive statistical analysis of the used variables.
[image: Table displaying statistical data for various variables: sustainable development level, development level of digital economy, personal digital acceptance, government intervention, R&D support, educational level, income gap, and financial support. Each variable lists an abbreviation, number of observations, mean, standard deviation, minimum, and maximum values. A note clarifies the meaning of "eco-dig*" as the transformed development level of the digital economy.]4 RESULTS AND ANALYSIS
4.1 Benchmark regression analysis
To explore the impact of the digital economy on sustainable development at the municipal level in the Yellow River Basin, this study conducted an analysis of the baseline regression model. In this regression, the Variance Inflation Factor (VIF) test indicated the absence of multicollinearity, suggesting that the selected variables do not display high correlations. The Hansen test demonstrated the overall effectiveness of the chosen control variables. Furthermore, based on the results of the Hausman test, fixed effects were ultimately selected for the regression analysis, indicating that this model is suitable for investigating the relationship between the digital economy and sustainable development while adequately controlling for potential confounding variables.
Table 3 delineates the specific regression outcomes. Notably, the digital economy serves as a significant catalyst for sustainable development, with its influence statistically significant at the 1% level. As indicated in column (1), a single-unit increase in the digital economy yields a 0.0563-unit upswing in sustainable development levels. This finding holds even when accounting for various control variables.
TABLE 3 | Benchmark regression results.
[image: A table presenting five models with various variables. Each column represents a model and includes coefficients with significance levels denoted by asterisks: one for 10%, two for 5%, and three for 1%. Key variables include eco-dig, tech, edu, income, and fina, with their respective coefficients and t-statistics. R-squared values and sample sizes are provided for each model. The constant term is also listed for each model.]Digital technology contributes to sustainability through various avenues. First, it enhances efficiency, thereby reducing both energy consumption and resource waste, achieving a harmonious relationship between economic growth and environmental conservation. Second, the application of digital technology in environmental monitoring and data analytics enables a more nuanced approach to environmental management. This capability allows governments to formulate targeted environmental policies based on real-time data on pollution sources and resource usage. Finally, digital finance mechanisms, such as green bonds and sustainable investment funds, direct capital towards sectors dedicated to environmental preservation and social responsibility, thereby facilitating long-term, stable sustainable development.
In examining the control variables, we find several noteworthy outcomes deserve attention. The coefficient for R&D support is notably positive and statistically significant at the 10% level. This suggests that enhanced R&D capabilities not only contribute to sustainable development but also foster the growth of eco-friendly industries like renewable energy and clean technology, thereby reducing reliance on finite resources. Furthermore, the level of higher education exerts a considerably positive influence on sustainable development, evidenced by its statistical significance at the 1% level. Improved educational resources are linked with the advancement of innovation and technology, offering the intellectual and skills-based support necessary for sustainable development over the long term. Additionally, an improved level of education correlates with increased awareness of social responsibility, which is crucial for the widespread adoption and implementation of sustainable development principles. Conversely, a significant negative correlation exists between the urban-rural income gap and sustainable development. A pronounced income disparity often hampers the attainment of sustainability, potentially leading to rural labor migration to urban areas. This affects the effective utilization of rural resources and environmental sustainability adversely. Lastly, financial support also plays a pivotal role in facilitating sustainable development. This is likely because it offers the monetary backing needed for companies to transition to greener operations, influencing corporate behaviors in a way that minimizes environmental pollution and resource wastage.
4.2 Robustness test
4.2.1 Endogenous test
It is indicated by Table 4. To address the issue of endogeneity, we use instrumental variables that meet the dual criteria of orthogonality and correlation. Specifically, we use the first and second lags of the core explanatory variable as instrumental variables. The analysis commences with a Two-Stage Least Squares (2SLS) regression, scrutinizing both model (1) and model (2). Various tests affirm the validity of our approach: the Kleibergen-Paap rk LM test shows no identification problems, the Kleibergen-Paap Wald rk F test surpasses the minimum critical value—indicating that weak instruments are not a concern, and the Hansen J test rules out over-identification issues. Moreover, endogeneity tests indicate that the endogeneity of the core explanatory variable is not statistically significant. After controlling for time trends, missing data, and other confounding factors, the coefficients for the core explanatory variable in both models significantly increase without altering the level of significance. This suggests that the driving influence of the digital economy on sustainable development is more robust than initially estimated. For further robustness checks, we use Limited Information Maximum Likelihood Estimation (LIML) for empirical regression, with results shown in models (3) and (4). These findings are consistent with the 2SLS results, confirming that endogeneity does not significantly affect the study’s benchmark regression outcomes. Therefore, our benchmark results stand as robust.
TABLE 4 |  Endogenous test results.
[image: Table compares results from 2SLS and LIML estimation methods across four models. Variables include eco-dig, tech, edu, income, and fina. Significant coefficients are marked with asterisks. Statistical tests such as Kleibergen-Paap rk LM, Wald rk F, and Hansen J are presented with corresponding p-values. Model fit statistics R² and sample size (N=2,280) are also shown.]4.2.2 Transform and increase variables
To further validate the robustness of our regression results, we employed two different strategies: altering the core explanatory variable and incorporating additional control variable. Initially, we transformed the core explanatory variable to represent the digital economy as a proportion of GDP, rather than focusing solely on the secondary industry. This new variable, denoted as [image: Text displaying "eco-dig" followed by an asterisk in a stylized italic font.], allows us to examine the impact of the digital economy on the national economy as a whole. Additionally, we introduced a control variable for the degree of economic servitization ([image: Please upload the image or provide a URL so that I can generate the alt text for it.]). Economic servitizationis generally associate with various knowledge-intensive sectors such as culture, entertainment, and services. The achievements in the digital transformation of the third industry, such as digital services and platforms, also confirm the significant role of the service sector in the digital economy. At the same time, Given that a higher degree of servitization could facilitate sustainable consumption and lifestyle patterns, economies with a higher degree of service orientation often prioritize demands related to social equity and welfare, as well as promote environmental and social responsibility, it is an important variable to consider. For this purpose, the ratio of the added value of the tertiary industry to the added value of the secondary industry serves as our measure of economic servitization. The regression results, presented in Table 5, indicate that the core explanatory variable remains significantly positive at the 1% level, even after these adjustments. Although the size of the regression coefficient alters, it does not deviate significantly from our benchmark regression results, further affirming their robustness.
TABLE 5 | Robustness test results.
[image: A table displaying regression results with three models: changing the core explanatory variable, adding a control variable, and both. Variables include eco-dig*, eco-dig, ser, c, R², and N. Coefficients and t-statistics are listed, with significance levels denoted by asterisks. All models have N = 2,508.]4.2.3 Exclude outliers
Given the specific challenges faced by some certain remote areas in the Yellow River Basin—such as limited resource endowments, less favorable geographic conditions, and lower education levels—the initial progress in digital infrastructure and the awareness of sustainability concepts trailed behind those in other regions. These challenges in conjunction with the influence of macro variables, resulted in significant data volatility during certain considerable data volatility in certain years. To mitigate the impact of outliers on our regression results, we applied a winsorizing and truncating technique to the data, removing the 1% tails on both ends. The processed regression outcomes, displayed in Table 6, affirm that the coefficient of the core explanatory variable remains significantly positive at the 1% level. Interestingly, the absolute value of this coefficient even increased after the bilateral truncation of data. This suggests that our main conclusion, asserting that the digital economy positive influence on sustainable development, holds true even after accounting for outliers. Thus, our benchmark regression results demonstrate strong robustness.
TABLE 6 | Robustness test for excluding outliers.
[image: Table comparing coefficients and significance levels of variables across four regressions under bilateral winsorization and truncation. Variables include eco-dig, tech, edu, income, and fina. Notes indicate significance by asterisks, with t-statistics in parentheses. Each model also lists R-squared and sample size.]4.3 Heterogeneity test
4.3.1 Regional heterogeneity testing
The Yellow River is characterized by its high sediment concentration and significant water volume, particularly during the flood season. These natural conditions, along with differences in resource endowments, create distinct challenges and opportunities for cities located along the river’s course compared to those that are not. To more precisely evaluate the inclusive potential of the digital economy in promoting shared development across diverse conditions, we have classified the 114 cities in the Yellow River Basin into two groups: those directly traversed by the Yellow River flows and those it does not. The regression results for these two subcategories are presented in Table 7.
TABLE 7 | Regional heterogeneity test results.
[image: Table showing statistical results for variables under two categories: "Directly flow through area" and "Do not directly flow through area." Variables include eco-dig, tech, edu, income, and fina, with coefficients and t-statistics. Significance levels are noted, with N representing sample size.]From the regression analysis, we observe that the influence of the digital economy on sustainable development is significantly positive at the 1% level, irrespective of whether a city is directly traversed by the Yellow River or not. However, regional conditions do impact the magnitude of this influence. In cities through which the Yellow River directly flows, the promoting effect of the digital economy on sustainable development is even stronger than the benchmark regression suggests. Conversely, the impact is less significant in cities not directly intersected by the river.
For cities directly traversed by the Yellow River, several factors contribute to this heightened influence. Both strategically and culturally, these cities are often receive prioritized attention by government, resulting in heightened focus and investment in both digital infrastructure and sustainable development initiatives. Furthermore, the Yellow River’s status as China’s “Mother River” and its rich historical and cultural heritage have transformed it into a global tourist attraction. The consequent demand for maintaining an appealing urban image motivates these cities to invest further in sustainable development practices. Additionally, the river’s unique topography provides opportunities for the water conservancy industry. As the digital economy increasingly intersects with various sectors, smart grid technologies and energy management systems have enabled more efficient utilization of renewable energy resources like hydropower, aligning with sustainable development objectives.
4.3.2 Policy heterogeneity testing
15 December 2016, marked a significant milestone for China’s digital economy and its integration into the national strategic landscape. On this date, China’s State Council enacted the “13th Five-Year” National Information Plan, explicitly outlining goals to advance regional digital economy cooperation, construct industrial parks, and establish high-level scientific research bases overseas. The plan also emphasized the importance of fostering international partnerships in the digital economy, information technology, and various other sectors. In light of this pivotal policy shift, this study aims to assess whether the enactment of the “13th Five-Year” National Information Plan has resulted in any noticeable changes in the impact of the digital economy on sustainable development. To perform this empirical analysis, the study period has been bifurcated into two phases: pre-policy enactment (1999–2015) and post-policy enactment (2016–2020). The findings of this analysis are detailed in Table 8.
TABLE 8 | Policy heterogeneity test results.
[image: Table showing regression coefficients for variables eco-dig, tech, edu, income, fina, and constant (c) before and after 2016. Before 2016, eco-dig shows values of -0.0047 and -0.0076; edu is significant at 1.7502; income and fina are significant at -0.0106 and 0.0035 respectively. For 2016 and beyond, eco-dig, income, and constant are significant. Tech and edu appear in some columns. Note: Significance levels are indicated by *, **, and *** for 10%, 5%, and 1%. Adjusted R² and sample size (N) for each period are also noted.]Our analysis reveals a striking shift in the role of the digital economy in fostering sustainable development over different time periods. From 1999 to 2015, the regression coefficient for the impact of the digital economy on sustainable development was negative and statistically insignificant. However, from 2016 to 2020, following the post-implementation of the “13th Five-Year” National Information Plan, the coefficient became significantly positive at the 1% level. Moreover, the absolute value of this post-2016 coefficient exceeded that of the benchmark regression, highlighting the transformative impact of the plan.
This pivot suggests that 2016 served as a critical juncture. Prior to the rollout of the “13th Five-Year” National Information Plan, China’s digital initiatives had not been explicitly emphasized in national policy documents. Efforts towards digital transformation were largely confined to enterprise-level informatization, resulting in disproportionate outcomes given the considerable resource investments. This led to an “information paradox,” characterized by challenges such as the scarcity of specialized technical personnel, limitations in high-end, cutting-edge equipment, and a lack of scale effects. Post-2016, the landscape altered dramatically. The State Council’s endorsement provided the digital economy with a newfound impetus, pushing it into the national spotlight. Leveraging its unique geographic and industrial advantages, the Yellow River Basin became a model for how the digital economy could seamlessly integrate with traditional industries. This not only elevated the digital economy from its ancillary role but also materialized its latent capability to drive sustainable development.
4.3.3 Heterogeneity test of sustainable development level
To probe the nuanced relationship between digital economy and sustainable development, this study acknowledges the varied levels of sustainability among cities in the Yellow River Basin. Recognizing that this heterogeneity could produce distinct impacts of the digital economy on sustainability, we use a stratified analysis approach. Specifically, we compute the arithmetic mean of sustainable development levels for each city over the study period. Cities with average scores at or above this mean are categorized as having “high levels of sustainable development,” while those below are deemed to have “low levels of sustainable development.” Empirical analyses are performed on these two subsets of cities, and the outcomes are documented in Table 9.
TABLE 9 | Heterogeneity test results of sustainable development level.
[image: Table displaying regression results for sustainability levels across variables such as eco-dig, tech, edu, income, and fina. Coefficients and t-statistics are listed under areas with high and low levels of sustainability. Significance is marked with asterisks indicating 10%, 5%, and 1% levels. R-squared and sample sizes (N) are provided at the bottom for each column.]Table 9 shows a significant disparity in the effects of the digital economy on sustainable development between regions with high and low levels of sustainable development. In high-level regions, the coefficient for the digital economy’s coefficient remains significantly positive at the 1% level, and its absolute value has even increased. Conversely, in low-level regions, both the significance and the absolute value of the coefficient have diminished.
This divergence can be attributed to a range of underlying factors. Low-level regions generally grapple with inadequate capital stock and marginal productivity, restricting the broad application of the digital economy. Their educational and training resources are often insufficient, impeding technological advancement and the growth of high value-added industries. Furthermore, the labor force in these areas is less adaptable to new technologies, increasing the risk of structural unemployment. Information asymmetry tends to be more pronounced, increasing the likelihood of market failure and inefficient resource allocation. Incomplete infrastructure and an underdeveloped institutional environment raise transaction and opportunity costs, further inhibiting the digital economy’s contribution to sustainability. Additionally, the absence of effective environmental management not only undermines local ecosystems but also restricts the digital economy’s ability to enhance environmental sustainability. Overall, the lack of a long-term sustainable development strategy in these low-level regions, often driven by short-term interests, limits the comprehensive impact of the digital economy on sustainable development.
4.4 Moderating effect test
The study further explores the moderating effects of personal digital acceptance and government intervention on the relationship between the digital economy and sustainable development. By considering both individual and governmental perspectives, we aim to provide a more nuanced understanding of how these variables interact. After centralizing the data, the study incorporates these moderating variables, along with the interaction terms between them and the core explanatory variable, into the benchmark regression model. The updated regression findings are presented in Table 10.
TABLE 10 | Mediation test results.
[image: A table presents regression results for four models labeled (1) to (4). Variables include "eco-dig," "tel," "eco-dig × tel," "reve," "eco-dig × reve," "tech," "edu," "income," "fina," "c," "R²," and "N." Coefficients and t-statistics are shown, with significance levels noted by asterisks: one for 10%, two for 5%, and three for 1%. Models (3) and (4) show significant coefficients for variables such as "reve," "eco-dig × reve," and others, with descriptions of omitted values across some models. Sample size is 2,508.]From the regression results presented in columns (1) and (2) of Table 10, it is evident that both the coefficients corresponding to the digital economy and its interaction terms pass the significant test at the 1% level. This suggests that personal digital acceptance serves as a moderating variable in the baseline regression, positively influencing sustainable development by enhancing the contributory role of the digital economy. Firstly, in social milieus characterized by high levels of digital acceptance, there are noticeable improvements in the velocity, accuracy, and overall information flow. This diminishes information asymmetry, facilitating more effective market supply-demand matching. Consequently, market efficiency is enhanced, and transaction costs are reduced, laying a critical foundation for advancement of sustainable economy. Secondly, elevated levels of personal digital acceptance can amplify network effects and positive externalities. Consumers are thus exposed to a broader range of goods and services, leading to increased consumer surplus and enhanced quality of life. Additionally, the proliferation of digital tools and online education platforms offers individuals in remote or poor areas access to better educational opportunities. This, in turn, fosters human capital development and narrows regional income disparities, thereby promoting long-term sustainability.
Further analysis of columns (3) and (4) in Table 10 reveals that the interaction coefficient between the digital economy and government intervention is statistically significant at the 1% level. This implies that government intervention also acts as a moderating variable in the baseline regression, positively influencing the digital economy’s impact on sustainable development. Governmental actions can address market failures and externalities through the establishment of norms and standards, thereby reducing information asymmetry and enhancing market efficiency. The successive implementation of environmental standards and carbon trading mechanisms encourages enterprises to adopt eco-friendly practices, steering the digital economy toward a socially optimal outcome and furthering sustainable development objectives. Moreover, governmental intervention can alleviate digital divides through income redistribution and social welfare schemes. This helps alleviate income inequality exacerbated by the digital economy, thereby improving both the efficiency and inclusivity of the digital economy’s role in fostering sustainable development. Finally, the continuity of long-term governmental planning and policy formulation provides a robust framework for the sustainable development agenda.
5 CONCLUSION AND RECOMMENDATIONS
5.1 Research conclusion
This study utilizes panel data from 114 prefecture-level cities in the Yellow River Basin spanning the years 1999–2020. A comprehensive evaluation framework for sustainable development is established, encompassing economic, social, and ecological dimensions. The study employs a fixed-effects model to empirically examine the impact of the digital economy on sustainable development. Subsequently, endogeneity and robustness tests are conducted on the regression results. Furthermore, the sample is categorized based on whether the Yellow River directly traverses the region, the period before and after the release of the “13th Five-Year Plan for National Information,” and the levels of sustainability. Heterogeneity tests are performed to explore variations among different categories. Finally, at the individual and governmental levels, variables are selected as moderating factors to investigate the adjustment mechanisms in the baseline regression. This multi-faceted approach aims to provide a thorough analysis of the relationship between the digital economy and sustainable development in the Yellow River Basin.
The primary findings of this study are as follows: 1) Significant Impact of the Digital Economy on Sustainable Development: The digital economy significantly propels sustainable development. For every 1-unit increase in the digital economy, the sustainable development index rises by 0.0563 units. This conclusion remains robust after endogeneity and multiple robustness tests. 2) Regional Heterogeneity in the Impact of the Digital Economy: There exists regional heterogeneity in the influence of the digital economy on sustainable development. The impact is more pronounced in areas directly traversed by the Yellow River compared to those not directly traversed. The reasons for this difference may be related to regional policies and resource endowments. 3) Observation of Temporal Heterogeneity: Temporal heterogeneity is observed in the baseline regression. After the strategic policy “13th Five-Year Plan for National Information” related to the digital economy is implemented, a significant positive impact on sustainable development becomes evident. This indirectly validates the rationality of the baseline regression results. 4) Matthew Effect in the Impact of the Digital Economy on Sustainable Development: The impact of the digital economy on sustainable development exhibits a “Matthew effect.” Constrained by factors like infrastructure, education levels, and information asymmetry, the promotional effect in areas with low sustainability is significantly weaker than in areas with high sustainability. 5) Role of Individual Digital Acceptance and Government Intervention as Moderating Variables: The degree of individual digital acceptance and government intervention serves as moderating variables in the baseline regression. Both moderating variables positively influence the impact of the digital economy on sustainable development.
This article addresses the deficiencies in the research of the relationship between the digital economy at the prefecture level in the Yellow River Basin and sustainability. This study holds relevance for sustainable development in other regions globally facing similar conditions. It offers valuable guidance on how regions can effectively develop and leverage the digital economy for sustainable development.
5.2 Policy recommendations
Based on the research conclusions of this study and drawing lessons from the experiences of developed regions in the integration of the digital economy and sustainable development, while considering the specific conditions of the Yellow River Basin and relevant policies, the following policy recommendations are proposed:
Firstly, enhancing the construction of digital infrastructure is essential. Different regions in the Yellow River Basin should leverage regional development policies and other preferential measures to strengthen the construction of communication infrastructure. This will ensure the integration and advancement of digital industrialization and industrial digitization. Encouraging traditional enterprises to actively undergo digital reforms is crucial, facilitating the transformation towards high-end manufacturing and service-oriented approaches. This transformation aims to minimize resource waste and consumption in the production process, promoting sustainable development. Strengthening collaboration between various levels of government, universities, and research institutions is also necessary. This collaboration effort should encourage the deep integration of industry, academia, and research, ensuring a continuous supply of talent and knowledge updates throughout the digitalization process. Simultaneously, it is imperative to disseminate and innovate existing digital production technologies, thereby enhancing digital production efficiency. Moreover, government departments should use means such as tax incentives and research and development subsidies to attract top digital talents and businesses, creating a regional “knowledge spillover effect” that establishes a solid foundation for the research, development, and application of digital economy. Establishing a sound market access mechanism is crucial to ensure the fairness and sustainability of industry development. This involves promoting the improvement of legal frameworks related to data ownership, data security, and intellectual property rights. By regulating market behaviour and protecting innovation, the legal framework contributes to the steady development of the digital economy at the superstructure level, consolidating the digital impetus for sustainable development.
Secondly, it is crucial to pay attention to regional disparities and tailor development strategies accordingly. In comparison to areas directly traversed by the Yellow River, regions without direct river flow generally face challenges such as insufficient strategic planning, weak awareness of sustainable development among the population, and inadequate driving force for urban sustainable development. In response, the government should formulate sustainable development policies for each city in the Yellow River Basin based on local conditions and timely considerations. Continuously infusing sustainable development concepts into basic education, the establishment of relevant reward and penalty mechanisms, and the rapid dissemination of advanced sustainable development ideas and technologies among regions should be prioritized. This process aims to optimize the sustainable development environment in areas without direct river flow. Furthermore, regions with higher levels of sustainability should play a leading and exemplary role, acting as catalysts for surrounding cities. Underdeveloped areas can learn from advanced experiences through forms such as learning exchanges, organized training, and cross-regional research. They can then optimize and improve based on their own development characteristics, raising their sustainable development standards and preventing the occurrence of a “siphon effect.” Rational allocation of resources such as education and healthcare based on population distribution and needs is essential to narrow regional disparities. Simultaneously, the improvement of the social security system should be prioritized, ensuring that residents in all regions can enjoy basic social security services. Strengthening poverty alleviation efforts is crucial to safeguard the basic living standards of impoverished populations. Through the formulation and implementation of differentiated policies, a collaborative atmosphere involving the government, businesses, and various sectors of society can be established, narrowing the gap in sustainable development among different regions in the Yellow River Basin.
Thirdly, municipal government departments in each city of the Yellow River Basin should proactively advocate for environmental taxes and emissions trading mechanisms. Imposing taxes on pollution emissions and the use of non-renewable resources internalizes external costs through the “polluter pays” principle, effectively restraining the occurrence of the “tragedy of the commons” using market mechanisms. Simultaneously, it is imperative to gradually establish environmental and data regulations. This involves setting and enforcing clear environmental standards and conducting compliance audits to regulate the environmental performance of businesses. Economic fines or other penalties should be imposed on non-compliant enterprises to strengthen the credibility of standards. Mandating or encouraging companies to disclose information related to environmental and data governance helps reduce information asymmetry, promoting the effective operation of market mechanisms. Promoting the integration of Environmental, Social, and Governance (ESG) standards into investment decisions is essential. This elevates corporate attention to environmental responsibility and incentivizes companies to improve their environmental performance.
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The gradient differences of economic development and industrial structure differences in Jing-Jin-Ji Region are significant. The ability of Jing-Jin-Ji Region to pay for environmental protection is imbalanced. The above two situations make it difficult to achieve coordinated pollution reduction and carbon reduction governance. Accurately measuring carbon emission efficiency and thoroughly analyzing the cooperation and competition relationship of regional carbon emission reduction based on fully considering stakeholders are of great significance for the joint construction, prevention and control of regional ecological environment. The research is also of great significance for promoting high-quality economic development and ensuring effective protection of the regional ecological environment. This study combines game theory and DEA theory to measure the carbon emission efficiency of the Jing-Jin-Ji Region, and then uses spatial game theory to analyze the average degree of being attacked, anti-attack ability, strongest attacker, and optimal partner for the carbon emission efficiency of different DMUs. The study concluded that: 1) Xicheng District and Hedong District have higher carbon emission efficiency, while Mentougou District, Fengtai District, Changping District, Fangshan District, Shijingshan District, Pinggu District and Yanqing County have the lowest carbon emission efficiency. 2) From an analysis of the degree of being attacked, it can be observed that economically developed areas experience a higher average degree of being attacked compared to economically underdeveloped areas. In regions with lower economic development, the influence of the local government on reducing carbon emissions is not significant, whether acting independently or in collaboration. Regions with contrasting industrial structures could be ideal partners, and areas with higher carbon emission efficiency could collaborate with regions with lower carbon emission efficiency to achieve greater reduction potential.
Keywords: Jing-Jin-Ji region, carbon emission efficiency, DEA, spatial game theory, competition and cooperation

1 INTRODUCTION
Along with the long-term sound development of our economy and the continuous improvement of industrialization and urbanization, the economic models and approaches to land expansion are also evolving. However, this progress has significant implications for the environment and natural resources. The traditional development model has resulted in a massive increase in energy consumption and carbon emissions. It is crucial to adopt a more sustainable approach to ensure the long-term health of our economy and environment. Urban agglomerations are a significant source of carbon emissions in our country. Controlling these emissions is crucial to implementing effective carbon management. Achieving carbon neutrality and reaching peak emissions are vital goals for promoting green and low-carbon development within Chinese urban agglomerations. Achieving carbon peaking and carbon neutralization in urban agglomerations is a necessary condition for China to reach its goals in this area, and these regions are key players in the country’s strategic plan to achieve carbon peaking and carbon neutralization. An in-depth analysis of the “dual-carbon” goal in the future process of high-quality development of urban agglomerations has significant practical significance and far-reaching influence on China’s “dual-carbon” goal of achieving carbon peak by 2030 and carbon neutrality by 2060.
Currently, the level of pollution emissions in the Jing-Jin-Ji Region far exceeds its environmental carrying capacity. Furthermore, improper industrial cooperation development is leading to a deterioration of the ecological environment. The Outline of the Plan for the Coordinated Development of the Jing-Jin-Ji Region proposes measures to address environmental pollution in the area. Key among these is the need to prioritise ecological environmental protection, break down administrative restrictions, and expand the region’s ecological space. Proactive steps in these areas can help mitigate the effects of pollution and promote ecological wellbeing in the region. During the forum on the coordinated development of the Jing-Jin-Ji Region in January 2019, General Secretary Xi underscored the importance of preserving the natural resources of the region, emphasizing the enduring value of “lucid waters and lush mountains.” Additionally, he called for strengthened measures to jointly address ongoing environmental and ecological challenges. While policies aim to overcome regional boundaries and enhance collaborative governance, the three provinces and cities located in Beijing, Tianjin, and Hebei exhibit diverse environmental and resource characteristics, as well as distinct functional roles. To successfully coordinate the interplay between economic growth, environmental protection, and resource utilization across the three regions, and create sustainable development strategies based on their functional differences, is not only a matter of respecting nature’s laws, but also a necessary requirement for the coordinated development of Beijing, Tianjin, and Hebei.
The key to reducing regional carbon emissions and developing a low-carbon economy is to improve carbon emission efficiency (Wang and Ma, 2018). Carbon emission efficiency essentially considers the production technology efficiency of carbon emissions (Farrell, 1957). Kaya and Yokobori (1993) defines carbon emission efficiency as the ratio of CO2 emissions to nominal GDP.There are many methods for measuring carbon emission efficiency, mainly including constructing relevant indices and Data Envelopment Analysis (DEA). Due to the applicability of the DEA method to efficiency evaluation with multiple inputs and outputs, and its independence from subjective factors and input-output dimensions, using Data Envelopment Analysis (DEA) (Barba-Gutiérrez et al., 2009; Grösche, 2009; Lee and Kung, 2011) to measure carbon emission efficiency is the mainstream method for carbon emission efficiency.
The goal of carbon emission efficiency is to boost regional economic benefits while simultaneously reducing regional carbon emissions. This is achieved through the effective and efficient allocation of economic resources, capital, labor, and energy within the region. It can fully reflect the progress of low-carbon economic transformation and serves as a crucial evaluation tool for regions that aim to integrate their development into the framework of sustainable growth (Wang et al., 2022). In the social context of enhancing environmental quality and mitigating climate change, the improvement of carbon emission efficiency has emerged as a hot topic recently due to its promise as an approach to reduce emissions and improve environmental quality (Xie et al., 2021). Based on an in-depth analysis of carbon emission efficiency, the paper includes the interest-game relationship of regional carbon emission reduction. Improving carbon emission efficiency has become a critical task in promoting the coordinated development of Beijing, Tianjin, and Hebei to facilitate high-quality economic development and protect the environment. It is crucial to lay the groundwork for a regional ecological security barrier. It is a crucial driver for sustainable economic development in the Jing-Jin-Ji Region, and it represents the most tangible way to enhance the quality of life for the residents of these three areas.
In reality, the Jing-Jin-Ji Region is geographically adjacent to each other and has water system connectivity. Air pollutants in adjacent regions have spatial diffusion and accumulation, and water pollution in adjacent regions has spatial diffusion. However, There are differences in economic development level, industrial structure, spatial layout, energy conservation and emission reduction technologies in the Jing-Jin-Ji Region. And also, there are differences in the degree of environmental pollution in adjacent regions. Different regions have different interest demands. Therefore, regional carbon emissions involve multiple stakeholders, and different local governments have different interest concerns. Strategies and actions taken based on different interest concerns will have a direct impact on regional carbon emissions (Korhonen and Siitari, 2009). Therefore, it is necessary to research regional carbon emission reduction cooperation from a more systematic and comprehensive perspective based on the multi-stakeholder perspective. And then, the research conclusion of this article will provide theoretical basis and policy reference for multi-stakeholder cooperation in carbon reduction.
The spatial game theory regards individuals as an important part of the spatial grid structure which holds that all game participants are limited by the spatial distance. Participants can only play the game with their nearest neighbors. The benefits of game participants determines whether the individual strategy is maintained (strategy survival) or converted to the strategy with higher returns (strategy death). Around 1992, Nowak et al. published a classic paper on spatial game (Nowak and May 1992; Nowak et al., 1994), which placed participants in a spatial grid structure and made them play games with their neighbors. It is found that there is spatial reciprocity in the process of the spatial game, and the cooperators will cluster together, and the mutual benefit and symbiosis of cooperators are conducive to resisting the encroachment of surrounding resisters (Lieberman et al., 2005). In reality, the interaction between participants often has a spatial structure. Each individual is exposed to the present value of the spatial location and has contact with neighboring individuals, which leads to a game. This spatial game is also known as evolutionary graph theory (Huang and Ling, 2020).
In the actual management process, the final decision scheme is often made by a few people. A good scheme that can be generally accepted by the participants should be conducive to the development of each member. In practice, some leaders form alliances with other members to defeat competitors, while other members form coalitions to defend themselves (Xu et al., 2023). It is important to understand how different DMUs face competitive pressure, and how to choose partners wisely. Based on this, this paper combines the spatial game with DEA efficiency evaluation, studies the spatial game relationship according to the adjacent relationship between the objects, and explores the carbon emission efficiency of Beijing, Tianjin and Hebei and its spatial game relationship, to offer suggestions for regional carbon emission joint governance.
The possible innovations and contributions of this study are as follows.
	(1) Based on regional data from China, this paper combined the DEA theory with the spatial game to investigate the game relationship between objects of study based on their adjacent relationships in Jing-Jin-Ji Region for the first time. This paper fully considers the multiple interests involved in regional carbon emission and their varying concerns in evaluating regional carbon emission efficiency. Based on the evaluation of carbon emission efficiency, This paper conducts a thorough analysis of inter-regional competition and cooperation, taking into account the spatial relationship between different regions. This will enable the development of an ecological efficiency optimization scheme that can be accepted by stakeholders relevant to the regional competition and cooperation.
	(2) Based on the regional data from China, theoretical research on regional carbon reduction cooperation has been enriched. With the implementation of the green and low-carbon development strategy and the proposal of the “dual carbon” goal, China’s overall industrial structure is gradually adjusted towards low-carbon. However, there are differences in the level of low-carbon among regions, and the low-carbon effects of industrial structure vary among different provinces and cities. In the case of significant differences in regional economic development, technological level and industrial structure, in order to achieve the “dual carbon” goal in a predetermined and short period of time, regional joint prevention and control and coordinated emission reduction have become important options to curb regional air pollution. Previous studies have focused on the direct energy correlation and close industrial correlation between regions, as well as the resulting carbon emission transfer between regions. However, the impact mechanism of regional carbon reduction cooperation on carbon reduction partners has not yet been elucidated. This article introduces game theory into the analysis of carbon reduction cooperation and studies the impact mechanism of regional carbon reduction cooperation on carbon reduction partners. Based on regional data from China, it enriches the theoretical research of regional carbon reduction cooperation.

Theoretically, the paper combines the Jing-Jin-Ji Region coordinated development background with the DEA (Data Envelopment Analysis, DEA) theory. Game theory and operational research theory are comprehensively utilized, and the influence of interest game among stakeholders of carbon emission on ecological efficiency is fully considered. Improving the evaluation index system and conducting a deep analysis of the spatial game relationship between the Jing-Jin-Ji Region are crucial in light of the existing ecological efficiency evaluation. This analysis will help clarify the competition and cooperation relationship of regional carbon emissions, which will further enhance the theoretical research on the evaluation of carbon emission efficiency of urban agglomerations.
Practically, the current ecological collaborative governance mechanism in the Jing-Jin-Ji Region lacks consideration of various factors that affect carbon emission efficiency, such as the spatial characteristics of environmental capacities across different regions, economic development levels, and pollution control abilities of polluters. By incorporating regional competition and cooperation into the study of carbon emission efficiency and considering the influence of spatial variables on carbon emission rights, we can obtain more scientific and reliable data and technical support. This approach can help us to accurately position ecological environmental protection targets and formulate governance tasks in different regions. Its ultimate aim would be to accelerate the establishment of ecological protection and compensation mechanisms tailored to the coordinated development needs of the Jing-Jin-Ji Region. It is vital to ensure a balance between achieving ecological benefits and managing environmental governance costs across various regions.
2 LITERATURE REVIEW
With the continuous advancement of urbanization and industrialization, global warming and other environmental problems caused by carbon emissions have attracted wide attention from governments and scholars around the world. “Low carbon” and “emission reduction” have become hot topics in academic research, such as carbon emission estimation method (Zhao et al., 2012), influencing factors (Wang et al., 2013; Xu et al., 2014), intensity (Li and Zhou, 2012) and performance (Wang et al., 2010). Since carbon emission efficiency directly determines the overall carbon emissions level (Gao et al., 2021), Promoting carbon emission efficiency is seen as an efficient way to abate carbon emissions (Du et al., 2022). As an important part of environmental performance evaluation, carbon emission performance is the focus of relevant scholars. Current studies on carbon emission performance can be divided into single factor and total factor according to measurement methods. As for the single factor index, Mielnik et al. first used carbon emissions per unit of energy consumption to construct a carbon index to evaluate the carbon emission performance of developing countries (Mielnik and Goldemberg, 1999). Yamaji defined the ratio of total CO2 emission to GDP as CO2 productivity to study the carbon emission level in Japan (Yamaji et al., 1993). Since then, other single-factor indicators have gradually appeared, including CO2 emission intensity (Sun, 2005), per capita CO2 emission (Stretesky and Lynch, 2009), per capita cumulative emissions of industrialization (Zhang et al., 2008), energy intensity (Ang, 1999), etc. Most of the above studies used the ratio of carbon emissions to economic or energy-related indicators to construct single-factor indicators related to carbon emission performance, which is easy to understand and operate in the actual calculation process, but there are certain limitations.
In essence, carbon emission performance is the input-output efficiency in the process of economic activities, which is the result of the joint action of capital, labor and other economic inputs. It cannot be directly generated solely depending on energy. Therefore, the “all-factor” characteristics of indicators should be highlighted in the calculation process, and the substitution effect of other input factors in the process of economic production should be fully considered (Zeng and Wang, 2023). Based on the idea of total factor and factor substitution, energy consumption, capital investment and labor are taken as input indicators in the process of economic production to form the expected output of GDP and the unexpected output of carbon emission, so as to make the measurement results of carbon emission performance more accurate and reasonable (Wang et al., 2015). In 1978, Charnes, Coopor and Rhodes proposed for the first time the non-parametric method to evaluate production efficiency - Data Envelopment Analysis (DEA). By keeping the input or input of the decision making unit unchanged, this method determines the relatively effective production front surface with the help of a mathematical programming method, projects decision making unit onto the production front surface of DEA, and measures the relative effectiveness of decision making unit by comparing the degree to which decision making unit deviates from the DEA front surface (Charnes et al., 1978). Since this method does not need to assume the production function between input and output factors in advance and does not need to give the weight of input and output, it can better deal with the problem of multi-indicator performance evaluation and is suitable for constructing the relationship between environmental resource input and output, so it is widely used in carbon emission performance evaluation (Ren et al., 2022). Based on this, Ramanathan used the DEA method to construct an input-output index system including carbon dioxide emission, energy consumption and economic activity variables, and compared and analyzed the carbon emission performance of various countries (Ramanathan, 2002). Subsequently, a large number of scholars followed this idea, studied the carbon emission performance index system of different industries in different countries, and compared and analyzed the carbon emission performance level of different countries (Wang et al., 2013). For example, Zhou et al. used the DEA model and Malmquist index to measure the carbon emission performance of 18 countries with the highest carbon emissions in the world and investigate its influencing factors (Zhou et al., 2010). Jin et al. (2023) from the perspective of industry, such as using the DEA method is further analyzed the efficiency of China’s industrial sector carbon emissions, the results showed that light industry carbon emissions performance level is generally higher than that of heavy industry. Liu et al. used the RAM-DEA model to estimate the low carbon economic efficiency of China’s industrial sector during 2001–2013, and found that the low carbon economic efficiency of most industries was still at a low level, but the efficiency was greatly improved during the study period (Liu et al., 2010). Using 2005–2016 data, the carbon emission efficiency of the construction sector in 30 provinces is estimated, and the spatial distribution characteristics of the carbon emission efficiency of the construction industry is explored (Du et al., 2022). Gao et al. (2021) distinguished the differences between direct carbon emissions and embodied carbon emissions, including intermediate production and consumption, and constructed a noncompetitive input-output model to measure the embodied carbon emissions from 28 industry sectors in China.
In terms of research methods, the traditional DEA model only focuses on the expected output in the process of economic activities while ignoring the non-expected output, which may lead to deviations in the results (Du et al., 2014). Some scholars use improved models when measuring carbon emission performance, such as the directed distance function model (Yongrok et al., 2012), the relaxation variable measure model (Shen et al., 2018), and the super-efficiency SBM model (Zhou et al., 2022). In general, existing studies have used a variety of DEA models to analyze carbon emission performance at national, regional and industrial scales, but ignored the spatial correlation of carbon emissions. Due to the differences in economic development level, industrial structure, spatial layout, energy saving and emission reduction technologies of adjacent regions, the environmental pollution levels of adjacent regions are different. Moreover, due to the geographical location of adjacent regions and the connectivity of water systems, air pollutants and water pollution in adjacent regions have spatial diffusion and accumulation, and spatial diffusion of water pollution. Based on this, scholars pay attention to the spatial correlation of carbon emissions and begin to incorporate spatial characteristics into the study of carbon emission efficiency. Based on the ideal point cross-efficiency (IPCE) model and the social network analysis method, Shao and Wang measured the transportation carbon emission efficiency (TCEE) in China and explored the spatial correlation network structure of China’s provincial TCEE and its influencing factors (Shao and Wang, 2021). Lu et al. (2020) studied the relationship between cultivated land-intensive use (CLIU) and carbon emission efficiency (CEE), analyzed the spatial and temporal characteristics of CLIU, cropland carbon emission (CLCE) and CEE, and discussed the spatial correlation between CLIU and CEE in the Yellow River Basin. Jiang et al. (2022) analyzed the nonlinear relationship between environmental regulation and carbon emission efficiency, providing a scientific reference for achieving carbon neutrality at a lower cost. Guo et al. (2022) calculated the energy consumption and carbon emission efficiency of 11 prefecture-level cities in Shanxi Province from 2000 to 2020 by using the super efficiency slack-based measure and data envelopment analysis (SBM-DEA) model and Malmquist index. Ding et al. (2019) proposed a new method combining the CE model and the Malmquist productivity index (CE-MPI) to analyze the dynamic changes of carbon emission efficiency in 30 provinces in China. Du Q. et al. (2022) estimated the carbon emission efficiency of the construction industry in 30 provinces, and used the spatial Markov transfer probability matrix to explore the spatial distribution characteristics of the carbon emission efficiency of the construction industry. Du et al., 2022a employed the stochastic Frontier analysis approach combined with the Sheppard distance function to calculate the total factor carbon emission efficiency of each city and evaluated the impact of the pilot policy on carbon emission efficiency and its spatial spillover effect using the spatial difference-in-differences model. Dong et al. (2022) used the super-efficiency slacks-based measure (SE-SBM) model for the first time to measure CEE from 2000 to 2018 in 32 developed countries that have proposed carbon neutrality targets and then established a newly developed panel threshold model (PTIFEs) with interactive fixed effects to comprehensively explore the non-linear impact of renewable energy development (RED) on Central and Eastern Europe. Yu and Zhang. (2021) determined the causal effect of Low Carbon City Pilot (LCCP) policies on carbon emission efficiency (CEE).
Generally, the classical DEA model evaluates the efficiency of each decision making unit (DMU) by selecting the optimal weight between the evaluated unit and the reference set. However, in a real situation of conflict of interest, the decision-making unit needs to take bidirectional or multi-directional consideration, and there is direct or indirect competition between them (Liang et al., 2008). The decision-making unit should not only consider its optimal decision-making but also consider the influence of other decision-making units on itself. To better describe the competitive situation, scholars try to introduce the game theory into the DEA model and carry out the game study of DEA. Banker (1980) established a two-person zero-sum finite game by taking evaluated DMU and reference DMU as players, and gave the game theory explanation of CCR-DEA. Hao et al. (2000) combined the convex cone theory with the two-person zero-sum game to construct a two-person zero-sum infinite game model with closed convex cone constraints for a generalized analysis of DEA theory. Nakabayashi and Tone. (2006) introduced a multi-player game into the DEA model and expanded the application research of the DEA game. With all DMUs as players, it considered the cooperative game among decision-making units in accordance with the principle of egoism and shared the established interests. Wu et al. (2009) to make up for the shortcomings of traditional DEA efficiency evaluation, took all decision making units as players, reasonably improved the efficiency value of each decision-making unit and expanded the application of the classic DEA cross-efficiency model based on considering the game among the decision-making units. Afterwards, many scholars applied cross efficiency models to efficiency evaluation, Dong et al. measured Chinese provincial carbon efficiency using the game cross-efficiency data envelopment analysis (Dong et al., 2020). Dong et al. (2021) applied the data envelopment analysis game cross-efficiency method to calculate the ecological performance of 30 provinces and municipalities in China and to analyze the changes and time-and-space evolution characteristics of that performance. Wang et al. (2021) employed cross-efficiency DEA and game cross-efficiency DEA approaches to measure the energy efficiency of the construction industry in 30 of China’s provinces.
Based on the existing literature, ecological efficiency optimization research using the DEA method has attracted significant attention from scholars both domestically and abroad. This research has led to numerous theoretical and practical advancements. However, the majority of studies are limited to the processing and evaluation of related input-output indicators. Some studies are only simple applications of existing theoretical models, rarely considering the competition and cooperation between different evaluation objects in the process of environmental efficiency evaluation, and ignoring the spatial game relationship of carbon emissions, which makes it difficult to apply the research results to the practice of regional ecological collaborative governance. Due to differing economic development levels, industrial structures, spatial layouts, as well as energy-saving and emission-reducing technologies in adjacent regions, the levels of environmental pollution also vary. Additionally, because of the geographic location and connectivity of water systems between these areas, air and water pollutants can diffuse and accumulate, including water pollution.
3 THEORETICAL METHODS
Assume that [image: It appears there is no image attached. Please upload the image or provide its URL for further assistance.] is the only decision making unit with decision-making power and [image: It seems there was a misunderstanding. Please upload the image or provide a URL, and I can help generate the alternate text for it.] is its competitor, then its structural relationship can be expressed as follows:
The goal of [image: I'm sorry, I can't generate alt text without access to the image. Please upload the image or provide a URL for me to assist you.] is to minimize the efficiency of [image: It seems there was an issue with displaying the image. Please upload the image file directly, and I will assist you with generating the alt text.] by selecting appropriate weights while maximizing its own efficiency. Suppose there are n DMUs, each DMU has m inputs and s outputs, and the input & output vectors of the [image: I'm sorry, I can't see the image you're referring to. Please upload the image file or provide a URL for me to access it.] are [image: It seems there might be some confusion or missing information regarding the image. Could you please provide the image or describe its contents for me to generate the appropriate alt text? You can upload an image or give a detailed description.], where [image: Mathematical representation of matrices, where \(X_i\) is a vector with elements \(x_{1i}, x_{2i}, \ldots, x_{mi}\), and \(Y_i\) is a vector with elements \(y_{1i}, y_{2i}, \ldots, y_{si}\), both transposed.], the output indicator weights are [image: μ equals the transpose of the vector containing elements μ sub 1, μ sub 2, through μ sub s.] and the input indicator weights are [image: Mathematical notation showing a vector omega with components \( \omega = (\omega_1, \omega_2, \cdots, \omega_s)^T \).]. The meaning of the above variables remains unchanged in subsequent analysis. The efficiency values of [image: Please upload the image or provide a URL, and I can help generate the alternate text for it.] and [image: Sure, please upload the image you would like me to generate alternate text for.] can be obtained separately from the CCR model named with [image: Mathematical notation showing \( \frac{P^I}{C_2^R} \) with variables P and I in the numerator and C, R in the denominator, with the number 2 as an exponent.].
[image: Mathematical optimization problem labeled \(P_{CR}^D\) with the objective function \(E_i = \max \mu^T Y_i\). Subject to constraints: \(\omega^T X_s - \mu^T Y_s \geq 0\) for \(s = 1, 2, \ldots, n\), \(\omega^T X_l = 1\), \(\omega \geq 0\), \(\mu \geq 0\). Equation labeled as (1).]
Obtaining the efficiency value [image: Please upload the image or provide a URL, and I can help generate the alternate text for you.] and [image: It seems like there was an error in your message or image upload. Please ensure you upload the image or provide a correct link, and include any additional context if necessary.], the following model [image: Text displaying "P" with a superscript "I" above "GAME-CD1."] can be applied to obtain the minimum efficiency value [image: Mathematical expression depicting \( E_{j}(i) \), indicating a function or sequence with parameters \( j \) and \( i \).] of [image: It seems there is an error in the request because the image was not uploaded. Please try uploading the image again or provide a URL so I can assist you in generating the alternate text.] under the condition of maximum efficiency of [image: Please upload an image or provide a URL so I can generate the alternate text for it.].
[image: Mathematical expression for \(E_{j(0)}\) optimization problem, minimizing \(\mu^T Y_j\), subject to \(\omega^T X_s - \mu^T Y_s \geq 0\) for \(s = 1, 2, \ldots, n\), \(\omega^T Y_j = 1\), \(\mu^T Y_i - E_i \omega^T X_i \geq 0\), \(\omega \geq 0\), and \(\mu \geq 0\). Equation labeled \(P_j^{GAME-CD_1}\) as equation (2).]
Then we define the degree of the decision-maker [image: Please upload the image or provide a URL, and I will generate the alternate text for you.] attacks the decision-maker [image: It seems like there was an error in your request with the text "DMUᵢ". Please try uploading the image again, and I can help generate the alternate text for it.]. If [image: It seems there might have been a misunderstanding. To provide alternate text, I need a description or a link to the image. Please upload the image or provide a URL along with any context you have in mind.] is the optimal solution of model [image: Mathematical notation depicting a binomial coefficient, \( P^{I}_{C^2_{R}} \).] and [image: I'm sorry, but I cannot view the image properly. Could you please try uploading it again or provide more context?] is the optimal solution of model [image: Mathematical expression showing a variable \( P \) with superscript \( I \) and subscript \( \text{GAME-CD1} \).], [image: The formula shown is: \( \text{hit}_{j(i)} = E_j - E_{j(i)} \).] is defined as the degree of decision-maker [image: Please upload the image or provide a URL to generate the alternate text.] attacking on rival [image: If you have an image you'd like me to describe, please upload it or provide a URL.]. The larger the value of [image: Equation in italics displaying a mathematical notation: \(hit_{j(i)}\), where \(j(i)\) is a subscript to "hit".], the more likely [image: It seems like there's a mistake with the input. Please upload the image or provide a URL, and optionally add a caption for additional context.] will be attack by [image: It seems there was an error in your request. Could you please upload the image or provide a description of it for me to generate the alternate text?]. If [image: Mathematical expression displaying "hit" with subscript "j(i)" equals zero.], it means that [image: Please upload the image or provide a URL to the image you would like me to describe.] cannot effectively attack [image: My apologies, but I cannot generate alternate text for the image based on the information provided. Could you please share the image directly or give a detailed description of it?], but this does not mean that [image: It seems there was an error in processing the image or text. Could you please upload the image again or provide additional context?] has an advantage over [image: I'm sorry, I can't see the image. Please upload the image file or provide a URL so I can help generate the alternate text.]. It may also mean that [image: I can't generate alt text without seeing the image. Please upload the image you would like me to describe.] has the lowest efficiency value, and even if the attack is carried out again, the efficiency cannot be reduced.
The average degree of all decision making units attack the decision-maker [image: It looks like there was an error or an issue with the image upload. Please try uploading the image again or providing a URL, and I will assist you with creating the alternate text.] is defined as the average degree of [image: Please upload the image or provide a URL to generate the alternate text.], Thus, there is [image: Mathematical equation: \( H_j = \frac{1}{n} \sum_{i=1}^{n} \text{hit}_j(i) = \frac{1}{n} \sum_{i=1}^{n} (E_j - E_j(i)) \). The equation involves summations over index \( i \) from one to \( n \), calculating the average difference between \( E_j \) and \( E_j(i) \).]. It can be found that the smaller the average degree of [image: It seems there is no image uploaded. Please upload the image or provide a URL to it, and I can help generate the alternate text.], the smaller the average impact of other decision-making units on [image: Please upload the image or provide a URL so I can generate the alt text for you.]. At this time, Compared to other decision-making units, [image: If you upload an image or provide a URL, I can help generate the alternate text for it. Please try doing so, and optionally, you can add a caption for additional context.] has more stable anti-interference performance.
For decision making unit [image: Sure, please upload the image or provide a URL, and I'll generate the alternate text for it.], [image: Mathematical equation depicting \( A_j = E_j - H_j \).] is defined as the anti-attack capability of [image: It seems there was an issue with the image upload or description. Please try uploading the image again or provide a URL, and add a caption if necessary.]. The anti-attack capability of decision making unit [image: It seems like there is no image attached. Please upload the image for which you need the alternate text.] indicates the maximum attack that [image: It seems there was an issue displaying the image. Please upload the image file or provide the URL, and I can assist you with generating the alternate text.] can withstand after taking the average attack of all decision-making units. For [image: My apologies, it seems there was an error. Please try uploading the image again or provide more details, and I will be happy to help.], if there is [image: Mathematical expression showing hit subscript k of i equals the maximum of hit subscript j of i, for j ranging from one to n.], [image: Text reading "DMUₖ" in a serif font style.] is called [image: Mathematical notation showing "DMU" with a subscript "i".]'s strongest attacker. For [image: Mathematical notation showing "DMU" subscripted with the variable "i".], there is always a [image: Text reads "DMU" followed by a subscript letter "k" in a serif font.] that attack it most.
Under unilateral decision making conditions, there is also a problem of partner selection in decision-making units. Assume that the set of all decision making units is [image: A mathematical notation illustration representing a set \( S \) containing multiple decision-making units, denoted as \( \text{DMU}_1, \text{DMU}_2, \ldots, \text{DMU}_n \), indicating a collection of elements in sequence.], where [image: I can't generate alt text without seeing the image. Please upload the image or provide a URL, and I can help you create the alt text.] and [image: Please upload the image or provide a URL to it, and I will generate the alternate text for you.] are the decision maker and competitor in S respectively. In order to alleviate the adverse effects of decision making unit [image: It appears you intended to share an image, but there's no image uploaded. Please upload the image, and I'll help generate alt text for it.], [image: I'm sorry, it seems like there was a reference to an image, but it didn't come through. Could you please upload the image again, or provide a URL or description?] is prepared to form an alliance with other decision making units in S to improve the group efficiency and overall anti-attack ability. An alliance based on efficiency mainly means that competitor [image: I'm unable to view or interpret images directly. If you'd like to upload an image, please do so, and I can help describe it for you.] seeks partners in S to improve the scale and efficiency of the alliance and better resist external pressure.
Let [image: I'm unable to view that specific image. If you can provide the image or a URL to it, I can help generate alternate text.] be the set of all decision unit subscripts. To further analyze the cooperative and competitive relationship of decision-making units, we construct the model [image: Mathematical notation showing "P" with superscript "I" and subscript "GAME-CD2".] as follows:
[image: Mathematical notation for an optimization problem labeled as Equation 3. It involves maximizing the expression \(E_{j}^{k} = \max_{k \in \{1, i\}} \max_{\omega, \mu} \omega^T(Y_j + Y_k)\). The constraints are: \(s.t.\ \omega^T X_s - \mu^T Y_s \leq 0, s \in \Lambda \{j, k\}\), \(\omega^T (X_j + X_k) - \mu^T (Y_j + Y_k) \geq 0\), \(\omega^T (X_j + X_k) = 1\), \(\omega \geq 0, \mu \geq 0\).]
It is assumed that [image: Mathematical expression showing matrix element notation with subscript j and k, and a hat over E.] is the optimal solution of model [image: Text displaying "P to the power of I over GAME minus CD2" in a stylized font.], then [image: Text "DMU" followed by a subscript "k" with a horizontal line over the entire expression.] is the optimal efficiency partner of [image: The letters "DMU" followed by a semicolon in a serif font.] under the attack of [image: The image contains the text "DMUᵢ", with the letter "i" in subscript format.]. It can be seen that when [image: I'm sorry, but it seems like there was an error in the submission. There is no image visible. Could you please attach the image file or provide a URL to it?] and [image: Text "DMU" followed by subscript "k" with a horizontal line above the "k".] cooperate, the efficiency of the alliance is the highest. Decision-making units can also improve their overall capacity of anti-attack by building alliances. An alliance based on anti-attack means that competitor [image: I'm sorry, I can't provide a description of the image. Please upload the image or provide a URL for me to generate the alt text.] seeks partners in S to improve the scale and anti-attack ability of the alliance, so as to resist external pressure. Then we construct the model [image: Text showing "P" with a superscript "I" above "GAME-CD3".] as follows:
[image: Mathematical expression for \(H_{jk}\), defined as the maximum over \(k\) from the set excluding \(\{i, j\}\), and the minimum of \(\omega^T(Y_j + Y_k)\). Subject to conditions: \(\omega^T X_s - \mu^T Y_s \geq 0\,\, \forall s \epsilon N \backslash \{j, k\}\), \(\omega^T (X_i + X_k) - \mu^T (Y_j + Y_k) \geq 0\), \(\omega^T (X_i + X_k) = 1\), \(\mu^T Y_i - E_i \omega^T X_i \geq 0\), and \(\omega \geq 0, \mu \geq 0\). Equation (4).]
Set [image: Mathematical notation of the matrix element H subscript j k with an overline above H.] as the optimal solution of model [image: Text consisting of "P" with a superscript "I" above it, followed by "GAME–CD3" written in uppercase letters.], then [image: The text shows "DMU" with a subscript "k".] is called the optimal anti-pressure partner of [image: I'm unable to see the image you've uploaded. Could you please try uploading it again?]. It can be seen that after cooperation between [image: Sorry, I cannot help with the description of this content.] and [image: Text showing the letters "DMU" followed by a subscript "k".], the compressive strength of the alliance is the strongest.
4 EMPIRICAL ANALYSIS
4.1 Carbon emission efficiency evaluation
Combined with the availability of data and the need for research, this paper selects carbon emission data, GDP data, capital stock data, and labor data of the Jing-Jin-Ji Region from 2013 to 2017 to study the evaluation of carbon emission efficiency of the Jing-Jin-Ji Region and its spatial game relationship. The data are mainly from Beijing Statistical Yearbook, Hebei Statistical Yearbook, Tianjin Statistical Yearbook and Express Professional Superior (EPS) database. The interpolation method was used to complete the missing data. Referring to the existing research results (Wei et al., 2010; Wang et al., 2023), it is assumed that there are only two input factors in the production process. Output variables include expected output and unexpected output.
Selecting the number of employees at the end of the year as the labor agency variable. Using fixed capital stock as a proxy variable for capital stock. Capital stock data was calculated using the ‘perpetual inventory method’ (Zhang et al., 2004). Output mainly included expected output and unexpected output. Select GDP as the proxy variable for expected output and use actual GDP data from each region for measurement. Co2 emission was chosen as the proxy variable for undesirable output. Substitute the above input-output variables into model [image: Mathematical expression showing the Pascal combinatorial notation for the number of combinations of 2 items from a set of 3, written as "3 choose 2".] to obtain the corresponding efficiency value.
According to the above indicators, the carbon emission efficiency values of the Jing-Jin-Ji Region are solved by using the aforementioned model, as shown in Table 1. Table 1 shows that Xicheng District and Hedong District have high carbon emission efficiency from 2013 to 2017, with a carbon emission efficiency value of 1. Heping District, Jinghai County and Langfang City also have high carbon emission efficiency. During the sample period, the above three areas have the highest carbon emission efficiency for 4 years. From the perspective of the average efficiency of different regions during the sample period, Hedong District, Xicheng District, Langfang City, Cangzhou City, Heping District and Qinhuangdao City have the highest carbon emission efficiency, while Mentougou District, Fengtai District, Changping District, Fangshan District, Shijingshan District, Pinggu District and Yanqing County have the lowest carbon emission efficiency, with the average carbon emission efficiency of less than 0.5 during the sample period.Figure 1.
TABLE 1 | Carbon emission efficiency of the Jing-Jin-Ji Region.
[image: Table listing regional efficiencies from 2013 to 2017, including average efficiency. Regions like Xicheng and Hedong maintain a consistent efficiency of 1.000 across all years. Regions such as Dongcheng and Mentougou show varying efficiencies, with average efficiencies of 0.7838 and 0.2298, respectively. Highest average efficiency is noted in Langfang at 0.9896.][image: Venn diagram illustrating three categories of DMUs (Decision Making Units): Decision Maker \( DMU_1 \), Neutralist DMUs, and Competitor \( DMU_3 \). Each category is enclosed in an oval, collectively representing all DMUs within a larger oval.]FIGURE 1 | The structure of the alliance, competitors, and neutral DMU.
From the perspective of different regions, in terms of Beijing (Figure 2), Xicheng District’s carbon emission efficiency was always at the forefront of production during the sample period, Daxing District’s carbon emission efficiency was at the forefront of production in 2014 and 2015, and the carbon emission efficiency of other districts was mostly lower than 0.6 during the sample period. For Tianjin (Figure 3), the carbon emission efficiency of Hedong District was always at the forefront of production during the sample period, and the carbon emission efficiency of Heping District and Jinghai County was also at the forefront of production for 4 years during the sample period, but the carbon emission efficiency of Hongqiao District, Dongli District and Xiqing District within the region was mostly lower than 0.6 during the sample period. As far as Hebei is concerned (Figure 4), the carbon emission efficiency of most regions in the sample period is relatively high, mostly higher than 0.6. By comparing the average carbon emission efficiency of the three regions during the sample period, it can be seen that the carbon emission efficiency of Hebei is relatively high while that of Tianjin, especially Beijing, is relatively low. According to the existing research (Feng and Li, 2017), the above phenomenon can be attributed to the fact that the shadow price of carbon dioxide emission is relatively high in economically developed regions, especially Beijing, and the cost of emission reduction is relatively high, which makes the economic cost of reducing carbon dioxide emission relatively high, resulting in the low emission reduction efficiency index. However, the shadow price of carbon emission reduction in the economically underdeveloped Hebei region is relatively low. That is, the cost of reducing carbon emissions is not high, so the carbon emission efficiency is higher.
[image: Bar chart titled "Carbon emission efficiency of Beijing" showing data from 2013 to 2017. Regions listed include Dongcheng, Xicheng, Chaoyang, and others. Each region has bars representing efficiency from 2013 to 2017, showing variations over time with some increase in later years.]FIGURE 2 | Carbon emission efficiency of Beijing.
[image: Bar chart showing the carbon emission efficiency of various districts in Tianjin from 2013 to 2017. Each district is represented with bars for the years 2013 to 2017. Hexi and Hebei districts show higher efficiencies in 2017 compared to 2013.]FIGURE 3 | Carbon emission efficiency of Tianjin.
[image: Bar chart showing the carbon emission efficiency of Hebei from 2013 to 2017 for various regions. Each region, including Shijiazhuang, Tangshan, and Baoding, is represented with bars for each year in different colors. The efficiency values range from 0 to 1.0.]FIGURE 4 | Carbon emission efficiency of Hebei.
4.2 Spatial game analysis
During the sample period, Xicheng District, Jixian County, Hedong District, Dongcheng District and Heping District ranked in the top five in terms of average degree of being attack, indicating that the above decision making units were most affected by other decision making units on average, and the carbon emission efficiency was greatly interfered by other regions. In the sample period, Dongli District, Fangshan District, Fengtai District, Changping District and Mentougou District were the least attack on average. This indicates that other decision making units have less influence on the above decision making units on average, so the above decision making units are more stable than other decision making units. By year, the average degree of attack during the sample period was the least in Mentougou District, Fengtai District and Daxing District of Beijing, and Wuqing District and Xiqing District of Tianjin. The average degree of attack during the sample period was higher in the Xicheng District of Beijing and Ji County and Hedong District of Tianjin. Referring to the existing literature (Peng, 2008; Wu and Zhu, 2010), it can be seen that this is mainly due to the relatively high degree of economic connection between regions within the economically developed areas, while the economic connection between regions within the economically underdeveloped areas is weak. This results in more economically developed areas being attacked harder on average and less economically developed areas being attacked harder on average.
The anti-attack capability of decision-making unit indicates the maximum degree of impact that decision making unit can withstand after the average impact of all decision-making units. For a decision-making unit, there is always a decision-making unit that has the greatest impact on him. Based on the sample data, this paper calculates the average degree of being attacked, anti-attack ability and the data of the strongest attacker of each decision-making unit, as shown in Table 2. As shown in Table 2, in terms of the anti-attack capability of each decision-making unit, Langfang, Cangzhou, Tangshan, Hengshui and Xingtai have the strongest anti-attack capability, while Pinggu District, Shijingshan District, Changping District, Fengtai District and Mentougou District have the weakest anti-attack capability. By year, the areas with the strongest anti-attack capability during the sample period mainly include Langfang City and Cangzhou City, etc., while the areas with weak anti-attack capability mainly include Mentougou District, Changping District, Fengtai District and Shijingshan District. Existing research literature (Wang et al., 2019) shows that when the economic development level of local government and the external government is relatively low in the region, the effect of carbon emission reduction of local government is not significant whether it is independent emission reduction or cooperative emission reduction. From the GDP figures of different regions, compared with Langfang and Cangzhou, Mentougou District, Changping District, Fengtai District and Shijingshan District are relatively backward in economic development, and their local governments’ carbon emission reduction effect is not significant, which to some extent can explain their weak anti-attack ability.
TABLE 2 | Average degree of being attacked, anti-attack ability and the strongest attacker of each decision making unit.
[image: Table displaying regions from 2013 to 2017, with metrics: AD (average degree of being attacked), AC (anti-attacker capability), sort order, and the top attacker for each year. Notable top attackers include Jixian, Xicheng, and Cangzhou.]According to theoretical analysis, for certain decision-making unit, there is always a decision-making unit that has the greatest impact on it. We call the decision-making unit the strongest attacker. After determining the strongest attacker of decision unit based on the data in Table 2, this paper analyzes the optimal partner of decision unit under the attack of the strongest attacker and its corresponding carbon emission efficiency (show in Table 3).
TABLE 3 | The optimal partners for each decision-making unit under different attack scenarios.
[image: A table listing regions with columns for top attacker, optimal partner, and optimal efficiency. Regions like Dongcheng and Xicheng have Jixian as the top attacker, while others like Mentougou have Xicheng. Optimal partners vary, with cities such as Cangzhou, Baoding, and Shijiazhuang frequently appearing. Optimal efficiency values range from 0.2513 to 0.9266.]Specifically, in Beijing area, the strongest attackers mainly include Jixian and Xicheng district, while the best partners mainly include Shijiazhuang and Cangzhou and other cities in Hebei Province. In terms of Tianjin, Xicheng District is the most aggressive city, followed by Jixian County. Its optimal partners mainly include Shijiazhuang, Cangzhou and other cities, among which Dongcheng District is the best partner of Hongqiao District. As far as Hebei is concerned, Xicheng District is the strongest attacker, and Shijiazhuang is the best partner, among which Dongcheng District is the best partner. Based on the empirical analysis results, it can be seen that Xicheng District is the strongest offender of regional carbon emission efficiency, while Shijiazhuang is the best regional partner. According to existing studies (Wu and Zhao, 2014), the existing energy consumption and industrial structure in the Jing-Jin-Ji Region led to large carbon dioxide emissions in the region. The difference in the industrial structure of Beijing, Tianjin and Hebei also causes the gap in the scale and intensity of carbon emissions. Beijing is mainly dominated by the development of the service industry, and its carbon emission scale and intensity have decreased significantly, while Tianjin and Hebei are mainly dominated by industrial development, and have not yet reached the carbon peak (Wang, 2017). Based on the empirical analysis results and existing literature, it can be seen that the development of the service industry plays a pivotal role in improving carbon emission efficiency, and the change of its emission efficiency has the greatest impact on regional carbon emission efficiency. Regions with different industrial structures can become the best partners, and regions with higher carbon emission efficiency and regions with lower carbon emission efficiency have greater cooperation potential.
5 CONCLUSION AND SUGGESTIONS
5.1 Conclusion
Urban agglomerations are an important source of carbon emissions in our country. Controlling the carbon emissions of urban agglomerations means controlling the main body of carbon emissions. The peak of carbon emissions and achieving carbon neutrality of urban agglomerations are important supports for China’s green and low-carbon development. The Beijing-Tianjin-Hebei City cluster is an essential component of China’s three world-class city clusters. It is also a vital core area for the northern economy, and a crucial region for achieving China’s strategic goal of carbon peaking and carbon neutrality. Conducting a detailed analysis of the carbon emission efficiency in the Jing-Jin-Ji Region and taking into account the interdependent relationships among stakeholders concerning regional carbon emissions is crucial to achieving China’s objectives of carbon peaking and carbon neutrality.
This paper combines game theory and DEA theory. Firstly, the base model is used to evaluate the carbon emission efficiency of the Jing-Jin-Ji Region. Additionally, the paper proposes a new mechanism to coordinate the carbon trading market using a game theory approach. Then, according to the spatial game theory, the average degree of being attacked, anti-attack ability, the strongest attacker and its optimal partner of the carbon emission efficiency of different decision-making units are analyzed. The study concluded that: 1) Xicheng District and Hedong District have a high carbon emission efficiency value of 1. Heping District, Jinghai County, and Langfang also exhibit high carbon emission efficiency. From the viewpoint of average efficiency among different regions during the sample period, the highest carbon emission efficiency was observed in Hedong District, Xicheng District, Langfang City, Cangzhou City, Heping District, and Qinhuangdao City. In contrast, Mentougou District, Fengtai District, Changping District, Fangshan District, Shijingshan District, Pinggu District, and Yanqing County presented the lowest carbon emission efficiency. 2) During the sample period, Xicheng District, Jixian County, Hedong District, Dongcheng District, and Heping District ranked as the top five areas with the highest average degree of being attacked. In contrast, Dongli District, Fangshan District, Fengtai District, Changping District, and Mentougou District had the lowest average degree of being attacked. This suggests that economically developed areas have a higher likelihood of being attacked, while economically underdeveloped areas have a smaller likelihood of being attacked. Based on their anti-attack capability, it seems that Langfang, Cangzhou, Tangshan, Hengshui, and Xingtai have the strongest ability to resist potential adverse impacts on their decision-making processes. Meanwhile, Pinggu, Shijingshan, Changping, Fengtai, and Mentougou have the weakest anti-attack capability during the sample period. This indicates that the influence of local governments on carbon emission reduction may not be significant in regions with low economic development, whether acting independently or in cooperation. During the same period, Xicheng District showed the lowest efficiency in terms of regional carbon emissions, while Shijiazhuang was the most efficient in terms of carbon emissions reduction. This suggests that regions with different industrial structures may be the best partners, and regions with higher or lower levels of carbon emission efficiency may have greater potential for cooperation.
5.2 Suggestions
Based on existing research conclusions, the following suggestions are proposed.
	(1) Improving top-level system design and promoting regional collaborative carbon control. The research conclusion shows that regions with different industrial structures can become optimal partners for cooperation. Regions with high carbon emission efficiency and those with low carbon emission efficiency have greater cooperation potential. Based on this, the three regions of Beijing, Tianjin, and Hebei should strengthen collaborative efforts to reduce pollution and control carbon emissions from the source. Taking into account the industrial and energy foundations and differences of the three regions, the top-level design of the economic and social development and energy development of the Jing-Jin-Ji Region should be optimized and improved, and the national “dual-carbon” goals and regional carbon emission situation should be carefully considered. The relationship between the overall carbon peak in the Jing-Jin-Ji Region and the orderly carbon peak in each city should be handled, and the carbon emission reduction roadmap for key areas in the Jing-Jin-Ji Region should be formulated, taking into account the differences in regional development patterns.
	(2) Expanding green ecological space and achieving regional collaborative carbon reduction. The research conclusion shows that the average degree of being attacked is higher in economically developed areas, while the average degree of being attacked is lower in economically underdeveloped areas. Based on this, efforts should be made to improve and optimize the green ecological space pattern in the Jing-Jin-Ji Region, strengthen the construction of green ecological barriers, enhance the carbon sequestration function of carbon sinks such as forests, grasslands, wetlands, cultivated land, and oceans, especially in economically developed areas. The principle of adapting measures to local conditions, ecological priority, and people-oriented urban construction should be adhered to, actively constructing a new era of green development system that conforms to the concept of “ecological priority and green development” in China’s economy. A comprehensive evaluation and analysis of the effectiveness and shortcomings of regional green development should be conducted to explore the road to high-quality development under the guidance of the concept of ecological priority and green development.
	(3) Innovating green and low-carbon technology and promoting collaborative carbon reduction in the region. The research conclusion indicates that in regions with lower levels of economic development, whether independent or cooperative carbon reduction is used, the local government’s carbon reduction effect is not significant. Based on this, it is necessary to collaboratively build an energy technology innovation system that can adapt to the “dual-carbon” goals of the Jing-Jin-Ji Region, fully leveraging the resource endowment advantages of Hebei Province and the research institutes clustering advantages of Beijing and Tianjin, promoting the development of clean energy together, conducting collaborative research in key areas such as decarbonization, zero-carbon, negative-carbon, and carbon capture technologies, accelerating technological innovation, forming a three-dimensional comprehensive economic and industrial system, while reducing carbon emissions, building a new highland for the coordinated development of low-carbon technologies in the Jing-Jin-Ji Region, and providing new momentum for economic development.
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Promoting sustainable development in manufacturing is a paramount goal, with a focus on advancing green innovation. This study constructs a system for evaluating green innovation efficiency and employs the Super-EBM model, incorporating unexpected output, to assess the efficiency of green innovation in 13 cities across the Beijing-Tianjin-Hebei region from 2011 to 2020. The study further conducts dynamic analysis using the Malmquist-Luenberger index. Results reveal that, statically, the overall green innovation efficiency in the manufacturing industry of the Beijing-Tianjin-Hebei region is inefficient. There exists a considerable gap in green innovation efficiency among Beijing, Tianjin, and Hebei, with Beijing and Tianjin demonstrating superior performance compared to Hebei. Substantial variations exist in the green innovation efficiency of manufacturing across different cities in the Beijing-Tianjin-Hebei region. Only Beijing, Qinhuangdao, and Baoding achieve DEA-effective green innovation efficiency in the manufacturing industry, while the other cities do not. Dynamically, the green innovation efficiency of the manufacturing industry in the Beijing-Tianjin-Hebei region is on the rise. There is a varying degree of improvement in green innovation efficiency in Beijing, Tianjin, and Hebei, with Hebei showing the highest improvement, Tianjin ranking second, and Beijing having the least improvement. With the exception of Langfang and Hengshui, the green innovation efficiency in the manufacturing industry is improving in most cities in the Beijing-Tianjin-Hebei region, with Hebei witnessing the most significant improvement. This study aims to integrate “environmental pollution” into the evaluation index system for green innovation efficiency. It assesses green innovation efficiency in the manufacturing industry of the Beijing-Tianjin-Hebei region, considering both static and dynamic perspectives. This clarification offers insights into the level of green innovation, contributing valuable information for the advancement of high-quality development in the regional manufacturing industry.
Keywords: Beijing-Tianjin-Hebei region, manufacturing, green innovation efficiency, Super-EBM model, Malmquist-Luenberger index

1 INTRODUCTION
Since the initiation of economic reforms and opening-up policies, China’s economy has experienced substantial growth, propelling it to the position of the world’s second-largest economy. The Gross Domestic Product (GDP) is expected to surge from 51.9 trillion yuan in 2012 to 121 trillion yuan in 2022, marking a growth of 42.9 percent and contributing over 30 percent to global economic expansion. Nevertheless, despite the rapid economic growth, the nation is grappling with progressively severe environmental challenges. The 2020 Global Environmental Performance Index (EPI) Report reveals that China’s EPI is 37.3, ranking 120th out of 180 regions, while its air quality index is 137th, scoring 27.1. Regarding energy consumption, the 2022 BP Statistical Yearbook of World Energy indicates that China’s total energy consumption rose by 7.1 percent annually. It constitutes 26.5 percent of global consumption, securing the top rank worldwide. Additionally, the energy consumption per unit of GDP remains 1.5 times higher than the global average. Environmental concerns now significantly constrain China’s economic growth. Urgent measures are needed to shift the development paradigm towards achieving sustainable economic growth (Wu et al., 2017; Chen et al., 2020; Yang et al., 2021). Faced with escalating environmental pollution and growing energy consumption concerns, China has introduced a novel development paradigm encompassing “innovation, coordination, greenness, openness, and sharing.” The emphasis is on seamlessly integrating this new development concept across all facets of economic and social progress, steering high-quality economic development in alignment with these principles, and overcoming bottlenecks impeding China’s economic and social progress within the confines of ecological and environmental constraints.
China is in the advanced phase of industrialization and is undergoing a pivotal shift in consumption structure. Focusing on the development of the real economy becomes imperative, and the manufacturing sector, a crucial pillar within it, significantly contributes to shaping a modernized economic system. Nonetheless, the swift growth of the manufacturing sector has concurrently triggered challenges like escalated energy consumption and environmental pollution, consequently impeding the prospect of sustainable economic advancement (Cherniwchan, 2012; Rubashkina, 2015; Chakraborty and Chatterjee, 2017). The pressing concern currently revolves around orchestrating a balance between economic growth and environmental preservation to attain a green, low-carbon transformation. This becomes pivotal for fostering high-quality advancements within the manufacturing sector (Johnstone et al., 2012; Ford et al., 2014). With China’s economic development entering a new phase, the imperative lies in transitioning the economic growth rate to a medium-high pace, the development mode to one focused on quality and efficiency, and the development impetus to an innovation-driven approach (Yuan and Xiang, 2018). The transition of the manufacturing industry from “Made in China” to “Created in China” necessitates a profound emphasis on innovation-driven approaches. Only through enhancement in their innovative capabilities can they avoid getting stuck in a bottleneck of key technologies. Green innovation, as a critical synergy of environmental development, coordinated progress, and innovation-driven initiatives, stands as the linchpin for surmounting resource and environmental limitations while fostering high-quality economic growth (Mitsutsug, 2005; Albrizio et al., 2017).
The synergistic development of Beijing-Tianjin-Hebei has garnered attention due to China’s unbalanced regional development (Liang and He, 2022). Serving as a crucial manufacturing hub in China, the Beijing-Tianjin-Hebei region plays a pivotal role in the country’s economic development. In recent years, the manufacturing industry in Beijing-Tianjin-Hebei has encountered significant challenges, including resource consumption, energy shortages, and environmental pollution. Achieving a green transformation in the high-quality development of the manufacturing industry in Beijing-Tianjin-Hebei has become an urgent necessity, and green innovation is an essential requirement for this transformation (Broekel, 2015; Albort et al., 2016). Accurately assessing the green innovation efficiency in the Beijing-Tianjin-Hebei manufacturing industry is theoretically and practically significant. Formulating targeted green innovation policies, purposefully enhancing innovation efficiency, and fostering high-quality development in manufacturing are crucial.
Building upon this groundwork, the study formulates an evaluation index system for green innovation efficiency. It utilizes the Super-EBM model, incorporating unexpected output, to assess the green innovation efficiency within the manufacturing sector of the Beijing-Tianjin-Hebei region. Additionally, it employs the Malmquist-Luenberger (ML) index to conduct a dynamic analysis of green innovation efficiency, complementing the static evaluation.
The marginal contribution of this study is demonstrated in three main aspects. Firstly, “environmental pollution” is considered as undesirable output. The study introduces a comprehensive evaluation index system for green innovation efficiency, covering input, desired output, and undesirable output. It takes into account the economic, social, and environmental aspects of green innovation, enhancing and refining the efficiency index system. Additionally, the study analyzes the regional green innovation efficiency of the manufacturing industry. The study does not explore green innovation efficiency at the national and provincial levels. Instead, it focuses on 13 cities in the Beijing-Tianjin-Hebei region to assess the green innovation efficiency of the manufacturing industry, elevating the research perspective in this area. Finally, the paper evaluates the efficiency of green innovation from both static and dynamic perspectives. In the analysis of green innovation efficiency, most studies traditionally focus on static analysis, neglecting the dynamic perspective. This paper assesses the efficiency of green innovation in the manufacturing industry of Beijing-Tianjin-Hebei from both static and dynamic perspectives. This analysis clarifies the level of green innovation in the region and enhances research methods for green innovation efficiency.
This paper is structured as follows: Section 2 comprises a literature review focusing on the definition of green innovation and the methodology for assessing green innovation efficiency. Section 3 details the research design, emphasizing the model configuration, development of the green innovation efficiency assessment index system, and data sources. Section 4 presents an empirical study concentrating on the green innovation efficiency within the manufacturing industry of the Beijing-Tianjin-Hebei region, examining both static and dynamic perspectives. Section 5 elaborates on the primary findings. In Section 6, research conclusions, policy implications, limitations, and future prospects are presented.
2 LITERATURE REVIEW
2.1 Green innovation connotation
Green innovation gained prominence in academic research during the 1990s. There is no consensus among scholars regarding the definition of green innovation. Beisea and Rennings (2005) define green innovation as the adoption of new technologies, processes, and products to prevent or reduce environmental harm. Building upon this, Akbari et al. (2022) suggest that green innovation can mitigate environmental pollution, conserve energy, and foster sustainable development aligning environmental protection with corporate competitiveness. Additionally, other scholars highlight green innovation as a creative endeavor that reconciles economic and environmental gains, simultaneously enhancing environmental quality and product performance (Feng et al., 2018; Li and Shen, 2021; Liu et al., 2023). Green innovation primarily targets economic and environmental advantages, striving for the dual objectives of economic growth and environmental safeguarding.
2.2 Green innovation efficiency measurement
The assessment of green innovation efficiency presently involves two primary approaches: one utilizes stochastic Frontier (SFA) models founded on parametric methods. Several researchers have empirically studied the innovation efficiency within China’s high-tech sectors employing the SFA method (Han, 2010; Yi et al., 2019; Chao, 2020). Meanwhile, Gupta and Barua employed the SFA model to gauge firms’ green innovation capability, focusing on SMEs in their research (Gupta and Barua, 2017). The second approach involves the utilization of Data Envelopment Analysis (DEA) models, rooted in non-parametric methods. Because the stochastic Frontier (SFA) approach is limited to assessing the efficiency of a single output, and green innovation efficiency involves multiple inputs and outputs, scholars generally favor the data envelopment analysis (DEA) approach (Fernando et al., 2010). In early studies, many scholars predominantly employed traditional radial models, like CCR and BCC models, when choosing DEA models. Lee and Park utilized the DEA model to assess the innovation efficiency of Asian countries, revealing Singapore as having the highest innovation efficiency, whereas China and Korea exhibit comparatively lower innovation efficiency (Lee and Park, 2005). Li and Yang (2020) evaluated the technical efficiency of China’s provincial telecommunication industry using the DEA model, revealing notable regional variations in the technical efficiency of China’s telecommunication industry. With research progress, an increasing number of scholars favor non-radial DEA models, particularly employing the SBM model to gauge green innovation efficiency. For instance, Feng developed a DEA-SBM model to assess the green innovation efficiency of Chinese industrial firms, comparing it to the conventional DEA-CCR model, demonstrating the DEA-SBM model’s alignment with actuality in measuring innovation efficiency (Feng, 2013). Conversely, Cao et al. (2022) employed a non-radial, variable returns to scale Super-SBM model, observing a fluctuating upward trend in China’s industrial green innovation efficiency. Additionally, other scholars have expanded the application of the SBM model to assess green innovation efficiency (He et al., 2015; Tavassoli et al., 2020; Ding et al., 2022; Hashem et al., 2022).
In recent years, scholars have diversified the application of the DEA model, integrating it with various other models to assess green innovation efficiency. Ren et al. (2014) devised a DEA-RAM model, encompassing green, innovation, and economic efficiencies, to gauge the green innovation efficiency within Shanxi province’s industry. Some researchers opt to merge the DEA model with the Luenberger index for their investigations. Tang et al. (2015) developed a non-radial BML-DEA model using the BM directional distance function, DEA model, and Luenberger index to assess industrial environmental efficiency in China. Consequently, Xu and Deng (2022) employed the super-efficient network SBM model and the Malmquist-Luenberger index to appraise the efficiency of green technology innovation within Chinese industrial enterprises. Han et al. (2018) and other scholars developed a two-stage input-output indicator system, employing a dynamic two-stage DEA model to assess technological innovation efficiency in Chinese high-tech enterprises. Building on this work, researchers applied a three-stage network DEA model in empirical studies. Li and Jian (2022) utilized a three-stage chain linkage network DEA model to gauge the innovation efficiency of China’s regional high-tech industries. Their findings indicate that the innovation efficiency in most Chinese regions is suboptimal, necessitating measures for improvement.
2.3 Evaluation index system construction
Constructing the indicator system is a crucial aspect of the DEA model for assessing the efficiency of green innovation. In earlier studies, many scholars overlooked non-desired outputs in constructing the indicator system. For instance, Nasierowski and Arcelus employed regional production efficiency and the number of patents as output indicators (Nasierowski and Arcelus, 2003). Nevertheless, certain researchers have categorized output indicators into stages. In their work, Ye et al. considered the number of invention patents, patent applications, and technology market turnover as first-stage outputs. They also included the output value of new products, the value of export deliveries, the real GDP growth rate, and the industry’s value added in GDP as second-stage indicators to assess the performance of the high-tech industry (Ye et al., 2012). With the introduction of the new development concept and China’s growing emphasis on green innovation and development, scholars are increasingly focusing on environmental factors and integrating them into output indicators, thereby enhancing the rationality of the indicator system construction. Xiao et al. (2020) characterized undesirable outputs by employing the environmental composite index and energy consumption per unit of industrial GDP as environmental indicators. Building upon this, Wang et al. (2023) concluded that environmental pollution had the most significant impact on the ecological environment, employing carbon dioxide emissions and waste collection volume as metrics for undesirable output.
Based on a literature review, current academic research on green innovation efficiency has developed a comprehensive system. However, there is limited research on the green innovation effectiveness in the manufacturing industry of the Beijing-Tianjin-Hebei region. This paper examines the green innovation efficiency of the manufacturing industry in the Beijing-Tianjin-Hebei region from static and dynamic perspectives. It also provides policy recommendations to enhance the green innovation capacity of the manufacturing industry in the region and promote the transition to a green innovation mode.
3 METHODOLOGY AND DATA
3.1 Research method
3.1.1 Super-EBM model
Data envelopment analysis (DEA) is commonly employed for evaluating the efficacy of green innovation. Traditional DEA models are typically radial, disregarding slack variables in inputs and outputs, potentially leading to biased efficiency values and an inability to incorporate non-expected outputs. Conversely, a non-radial Slack-Based Measure (SBM) model utilizing slack variables can integrate non-desirable outputs, yet it risks compromising the ratio between target and actual input-output values. Building upon this, Tone and Tsutsui introduced an Enhanced Additive-Based Model (EBM) incorporating a hybrid distance function that amalgamates radial and non-radial characteristics. It preserves the radial ratio between target and actual values and accommodates slack variable variability between factors, thus addressing limitations present in both radial and non-radial models (Tone and Tsutsui, 2010). Owing to the challenge faced by EBM models in comparing the efficiency values of effective decision-making units, this study leverages research by Andersen and Petersen (1993) and Sheng (2022) Eqs 1, 2 to develop a Super-EBM model. This model not only encompasses non-expected outputs but also circumvents the constraints of traditional DEA and SBM models. Moreover, it differentiates between the concurrent presence of multiple decision-making units in effective scenarios. The specific formula is outlined below:
[image: Mathematical expression for gamma star is shown as a fraction. The numerator is theta minus epsilon c times the sum from L equals one to m of w star l divided by x l. The denominator is phi plus epsilon gamma times the sum from r equals one to p of w star r divided by y r star plus epsilon beta times the sum from l equals one to k of w star l divided by b k. Equation is labeled as one.]
[image: A linear programming equation with constraints. It includes summations of variables \(x_{ij}\lambda_{j}\) and \(y_{rj}\lambda_{j}\) with slack variables \(s_{i}^{+}\) and \(s_{r}^{-}\), and constants \(\theta\), \(\phi\). Other components in constraints include \(b_{jt}\) and \(\lambda_{j}\). Variables \(\lambda_{j}\) sum to one, are non-negative, and slack variables are non-negative. Parameters \(\theta\) are between zero and one, and \(\phi\) is at least one.]
where k is the number of Decision Making Units (DMUs); [image: Greek letter gamma with an asterisk in superscript.] is the optimal efficiency value of the model and [image: Greek letter gamma with an asterisk above it followed by a greater than or equal to sign.] 0. When [image: Greek letter gamma with an asterisk followed by a greater than or equal to symbol.] 1, it means that the DMU is efficient, and the larger the value of [image: The image shows a gamma symbol followed by an asterisk in a mathematical or scientific context.], it means that the more efficient the DMU is; [image: The expression "X subscript i k" is shown, likely representing a mathematical notation or element in a series or sequence with indices "i" and "k".] , [image: Mathematical expression showing "y" with the subscript "rk".] , and [image: Logo featuring the letters "btk" in a stylized, lowercase font. The "b" is larger and prominent, with a sleek, modern design overall. Background is plain white.] are the inputs, desired outputs, and non-desired outputs of the kth DMU, respectively; [image: It appears there was an error in uploading the image. Please try uploading it again or provide more details so I can help create the alternate text.], [image: Certainly! Please upload the image, and I’ll generate the alt text for you.] , and [image: Lowercase letter "s" with subscript "t" and superscript "b" followed by a negative sign.] denote the slacks of inputs, desired outputs, and non-desired outputs, respectively; [image: Mathematical notation displaying the vector symbol "w" with a subscript "i" and an overline, indicating a specific indexed component of a vector or sequence.], [image: A mathematical notation depicting W with a superscript plus sign and a subscript r.] , and [image: Mathematical notation showing "w" with a superscript "b" and a subscript "t". A horizontal line with a negative sign is above "b".] are the weight of the inputs, desired outputs, and non-desired outputs indicators; [image: Please upload the image or provide a URL so I can help generate the alternate text for it.] and [image: Please upload the image or provide a URL to generate the alternate text.] denote the planning parameters of radial part; when [image: Please upload the image, and I'll generate the alternate text for it.] = 0, the Super-EBM model is equivalent to the radial model, and when [image: Please upload the image or provide a URL, and I will generate the alternate text for you.] = [image: Sure, please upload the image you'd like me to generate alternate text for.] = 1, the Super-EBM model is equivalent to the non-radial SBM model.
3.1.2 Malmquist-Luenberger index
The Super-EBM model statically analyzes efficiency levels, lacking dynamic evaluation capabilities. In contrast, the Malmquist Index enables dynamic assessment of efficiency. The traditional Malmquist index, calculated using the output distance function, has limitations; it cannot account for non-desired outputs. In contrast, the Malmquist-Luenberger index, derived from the Malmquist index and computed with the directional distance function, overcomes these limitations. It facilitates measurement of dynamic green innovation efficiency, considering non-desired outputs. This study utilizes the Malmquist-Luenberger (ML) index to assess the dynamic efficiency of green innovation, drawing insights from the works of Chung et al. (1997), Fare et al. (2001), and Wei et al. (2023) Eqs 3–5. Considering non-expected output, the ML index for the period t to t+1 is expressed as:
[image: Mathematical formula labeled equation three. It calculates \( ML_{i}^{t+1} \) using two fractions within braces. Each fraction incorporates the distances \( D_{0}^{l} \) and \( D_{0}^{l+1} \), evaluated at specific points \( (x^{l}, y^{l}, b^{l}, y', y'') \) and \( (x^{l+1}, y^{l+1}, b^{l+1}, y'^{l+1}, y''^{l+1}) \). These fractions are multiplied, with the entire expression raised to the one-half power.]
The ML index can be further decomposed into an index of change in technical efficiency (EC) and an index of change in technical level (TC). Expressed as respectively:
[image: Mathematical equation labeled as equation four. It defines \( EC_{i}^{t+1} \) as a fraction. The numerator is \( 1 + \bar{D}_{0}^{t} (x', y', b', y_{f}', -b') \). The denominator is \( 1 + \bar{D}_{0}^{t+1} (x^{t+1}, y^{t+1}, b^{t+1}, y_{f}^{t+1}, -b^{t+1}) \).]
[image: Mathematical expression for the Total Compensation Index (TCI) is shown. It equals the square of the fraction, where \(1 + B^{t+1}_0\) is applied to the ratio of \(x^t, y^t, b^t, y^{t′}, y^{t′′}\) and \(x^{t′}\) over \(x^t, y^t, b^t, y^{t′}, y^{t′′-1}\), multiplied by similar terms for \(y^{t+1}, b^{t+1}, y^{t+1}, y^{t′+1}\) and \(y^{t′′+1}\), divided by their counterparts, \(y^{t+1}, b^{t+1}, y^{t′+1}, y^{t^{′+1}}, y^{t′′-1}\), with equation (5) noted.]
Among them, [image: Mathematical expression showing "M L sub t superscript t plus 1".] >1 indicates the improvement of green innovation efficiency from t to t+1, while [image: Mathematical expression showing "M sub T superscript L plus one".] <1 indicates the decrease; [image: Mathematical notation showing "E" with subscript "C" and subscript "t", and a superscript of "t plus 1".] >1 indicates the improvement of green innovation technology efficiency from t to t+1, while [image: Mathematical expression showing "EC" with a superscript of "t+1" and a subscript of "t".] <1 indicates the decrease; and [image: Mathematical notation representing \( TC_{t}^{t+1} \). The \( T \) and \( C \) are uppercase letters, with subscripts \( t \) and superscripts \( t+1 \).] >1 indicates the progress of green innovation technology level from t to t+1, while [image: Mathematical expression with the notation \( TC_{t}^{t+1} \).] <1 indicates the regression.
3.2 Indicator selection
This paper combines existing literature research and redefines the input-output indicators in green innovation activities. It constructs the following indicator system based on the principles of scientific, systematic, and operable indicator selection.
Human and capital inputs are necessary for the smooth operation of activities in green innovation. Additionally, energy inputs are incorporated to emphasize the environmentally friendly aspect of innovative processes. Human input typically encompasses labor contributions in innovative processes, often measured by the count of individuals involved in scientific and technological endeavors and the full-time equivalent of R&D personnel. The full-time equivalent (FTE) of R&D staff stands as a globally recognized measure of personnel engagement, being somewhat comprehensive and universally applicable. In line with the research of Yao et al. (2022), this study opts to use FTE of R&D staff as a representation of human input. Capital input generally denotes financial investments in innovative processes, constituting an essential expenditure in innovation. Internal R&D expenditure is consistently monitored. Consequently, this study draws on the findings of Cao et al. (2022) and selects internal R&D expenditure as the representation of capital input. Regarding energy input, the manufacturing industry needs to consider energy consumption in the development process. Enterprises must allocate specific resources before achieving innovative success, often evaluated through total energy consumption. This study selects total energy consumption as a representation of energy intake, drawing from the research conducted by Zheng and Xu (2023).
Considering the environmental impact of energy consumption, this paper divides the output index into desired and undesired components. The expected output is primarily evaluated from two perspectives: innovation and economic outcomes. Considerable uncertainty arises as the number of awarded patents is sensitive to regional regulations, while the number of patent applications signifies the most original innovation output. This better reflects the outcomes of company innovation operations. Therefore, this paper refers to the study conducted by Sun et al. (2022) and chooses the number of patent applications to represent innovation output. Economic production encompasses investments in innovative R&D and the subsequent realization of economic benefits through transformation. Typically, it is measured through revenue generated from new product sales. According to Fan and Gu (2022), the sales revenue of new products is selected to reflect economic output. Environmental pollution level is predominantly attributed to undesirable output. Recently, the Beijing-Tianjin-Hebei region has experienced severe air pollution, significantly compromising air quality. Based on the research of Chen et al. (2022), this paper chooses industrial wastewater emissions, industrial sulfur dioxide emissions, and industrial smoke (dust) emissions to represent environmental pollution outputs. The specific index system is detailed in Table 1.
TABLE 1 | Green innovation efficiency evaluation index system.
[image: Table detailing indicators across three types: Input, Expected Output, and Non-Expected Output. Input indicators include Human, Capital, and Energy input, defined as R&D personnel, R&D funds, and energy consumption. Expected Output indicators are Innovation and Economic output, with patent applications and new product sales revenue. Non-Expected Output indicator is Environmental pollution output, defined by emissions in wastewater, sulfur dioxide, and fumes.]3.3 Data source
The focus of this study includes the 13 cities within the Beijing-Tianjin-Hebei region spanning the years 2011–2020, with a specific emphasis on the manufacturing sector above a certain scale. The data used in this study were extracted from several yearbooks published by the National Bureau of Statistics from 2011 to 2020. These include the China Statistical Yearbook on Environment, the China Statistical Yearbook on Energy, the Beijing Statistical Yearbook, the Tianjin Statistical Yearbook, the Hebei Statistical Yearbook, and the statistical yearbooks of Hebei’s prefecture-level cities. Linear interpolation was employed to address gaps in the data. The specifics are outlined in Table 2.
TABLE 2 | Descriptive statistics of indicators.
[image: Table displaying statistics for eight variables: R&D personnel, R&D funds, energy consumption, patent applications, product sales, and emissions of wastewater, sulfur dioxide, and dust. For each, maximum, minimum, average, and standard deviation values are listed.]4 EMPIRICAL RESULTS
4.1 Static analysis
This study utilizes MaxDEA Ultra 8 software to assess the green innovation efficiency of the manufacturing industry in the Beijing-Tianjin-Hebei region from 2011 to 2020. The evaluation involves the application of the Super-EBM model and the green innovation efficiency index system described earlier.
At the global level, as shown in Figure 1, the green innovation efficiency value for the manufacturing industry in the Beijing-Tianjin-Hebei region fluctuates between 0.6 and 0.8, falling short of achieving efficiency. This suggests, to some extent, that the manufacturing industry in the Beijing-Tianjin-Hebei region might experience limited utilization of resource elements and insufficient transformation of economic outcomes and innovations during green innovation activities. There is ample room for improvement in the overall level of green innovation. Examining the temporal trend, the green innovation efficiency value of the manufacturing industry in the Beijing-Tianjin-Hebei region exhibits a general upward trajectory, increasing from 0.686 in 2011 to 0.781 in 2020, marking an overall growth of 9.5%. This suggests that, with the implementation of Beijing-Tianjin-Hebei synergistic development, the level of green innovation in the manufacturing industry in the Beijing-Tianjin-Hebei region has improved to some extent. The green innovation efficiency of the manufacturing industry in the Beijing-Tianjin-Hebei region has progressed through three phases. The initial phase, spanning from 2011 to 2014, witnessed a fluctuating upward trend in the region’s green innovation efficiency. During this period, China introduced policies aimed at optimizing the industrial structure, thereby enhancing the green innovation efficiency within the manufacturing sector of the Beijing-Tianjin-Hebei region. The second stage, occurring between 2014 and 2016, experienced a slight downward trend in the green innovation efficiency of the manufacturing industry within the Beijing-Tianjin-Hebei region. During this phase, the recently initiated Beijing-Tianjin-Hebei collaborative development strategy encountered challenges and difficulties, potentially contributing to the decline. These obstacles may include issues such as the uniformity of the manufacturing industry layout and the lack of rationality in industry transfers. During the third stage, post-2016, the green innovation efficiency in the manufacturing industry of the Beijing-Tianjin-Hebei region exhibits a stable upward trajectory. In this period, coinciding with the 13th Five-Year Plan, China introduced novel development policies for the manufacturing sector. Concurrently, through the comprehensive execution of the Beijing-Tianjin-Hebei coordinated development strategy, continuous adjustments and optimizations have been made to the manufacturing industry structure, resulting in a consistent upward trend in green innovation efficiency within the Beijing-Tianjin-Hebei region.
[image: Line graph showing green innovation efficiency from 2010 to 2020. The efficiency fluctuates, beginning around 0.685 in 2010, with noticeable dips and peaks, reaching approximately 0.775 in 2020.]FIGURE 1 | Evolutionary trend in the Beijing-Tianjin-Hebei region.
At the provincial and municipal levels, as illustrated in Figure 2, Beijing exhibits the highest green innovation efficiency in the manufacturing sector, followed by Tianjin, and Hebei shows the lowest efficiency. This pattern aligns with the overall economic strength development in these three regions. Regarding the temporal evolution trend, the green innovation efficiency of manufacturing industries in Beijing and Hebei exhibits consistency, displaying an overall upward trend. Beijing experienced growth from 1.161 in 2011 to 1.226 in 2020, marking an overall increase of 6.5 percent. Similarly, Hebei Province witnessed growth from 0.612 in 2011 to 0.721 in 2020, reflecting an overall increase of 10.9 percent. Notably, the green innovation efficiency of Tianjin’s manufacturing industry generally exhibits the characteristic of a cyclic pattern, initially rising, then falling, and subsequently rising again. The accelerated implementation of Beijing-Tianjin-Hebei coordinated development has driven industrial structure upgrades and innovation. The elimination of low-quality, high-pollution, and high-energy-consuming enterprises, coupled with increased focus on ecological environmental protection and construction, has resulted in heightened green innovation in the manufacturing industry in the Beijing-Tianjin-Hebei region, despite fluctuations. Specifically, Beijing consistently exhibits manufacturing green innovation efficiency values exceeding 1, while Tianjin consistently surpasses this threshold except in 2018 and 2019. In contrast, Hebei’s manufacturing green innovation efficiency values fluctuate within the range of 0.6–0.8. Beijing’s efficiency value is nearly double that of Hebei, while Tianjin consistently surpasses Hebei’s efficiency value, except in 2019 when it slightly lags behind. It is evident that the green innovation efficiency of the manufacturing industry in Beijing and Tianjin has nearly reached an efficient state, whereas Hebei’s manufacturing industry has not attained this level of efficiency. This observation underscores the highly unbalanced development of the manufacturing industry in the Beijing-Tianjin-Hebei region, indicating a considerable distance yet to be covered in achieving collaborative development.
[image: Line graph showing green innovation efficiency from 2010 to 2020 for Beijing, Tianjin, and Hebei. Beijing shows a consistent increase, Tianjin is stable, and Hebei exhibits a rise after 2018.]FIGURE 2 | Evolutionary trends in Beijing, Tianjin, and Hebei.
At the city level, significant variations in green innovation efficiency exist among manufacturing industries in different cities within the Beijing-Tianjin-Hebei region (see Table 3). In the Beijing-Tianjin-Hebei region, the average green innovation efficiency of manufacturing industries ranks from highest to lowest as follows: Beijing, Qinhuangdao, Baoding, Tianjin, Handan, Langfang, Zhangjiakou, Hengshui, Tangshan, Xingtai, Shijiazhuang, Chengde, and Cangzhou. Specifically, the efficiency values for Beijing, Qinhuangdao, and Baoding all exceed 1, indicating that the green innovation efficiency of the manufacturing industry in these cities has reached an efficient state. Serving as the capital of China, Beijing exhibits a high standard of economic development, characterized by the dominance of advanced and high-end manufacturing sectors. These include the automobile, pharmaceutical, and computer, communication, and electronic equipment industries, known for their precision and low environmental impact. Furthermore, Beijing boasts abundant capital and human resources, coupled with elevated levels of R&D innovation and technology. It also provides a conducive environment for green innovation in manufacturing. Qinhuangdao, among the earliest cities to commence manufacturing in China, possesses a robust manufacturing base and a favorable ecological environment. Consequently, this contributes to a high level of efficiency in green innovation within the manufacturing industry. Geographically proximate to Beijing and Tianjin, Baoding enjoys a strategic location with convenient and rapid transportation. It possesses abundant labor resources and is dedicated to ecological development. As part of the synergistic industrial development in the Beijing-Tianjin-Hebei region, Baoding actively facilitates the transfer of industries from Beijing and Tianjin. This positions Baoding at the forefront of green innovation efficiency in the manufacturing industry.
TABLE 3 | Green innovation efficiency of the manufacturing industry in cities.
[image: A table displaying values for various cities from 2011 to 2020 with their means. Rows list cities like Beijing and Tianjin, and columns list years. Values range with Beijing having higher means, while cities like Chengde have lower values.]The cities ranked with a mean green innovation efficiency in manufacturing exceeding 0.5 are Tianjin, Handan, Tangshan, Xingtai, Zhangjiakou, Langfang, and Hengshui, respectively. The mean green innovation efficiency of Tianjin’s manufacturing industry is 0.959, but in 2018 and 2019, it surpasses This could be attributed to Tianjin’s abundant human resources, distinct location advantages, and robust scientific and technological innovation capability. However, during 2018 and 2019, despite increased human and capital innovation inputs, the innovation and economic outputs relatively declined, leading to the green innovation efficiency of its manufacturing industry falling below 1, indicating inefficiency. Handan’s manufacturing industry has an average green innovation efficiency of 0.852. The industry’s green innovation efficiency generally increased before 2019 but showed a sharp decline after that year. Shijiazhuang, Chengde, and Cangzhou exhibit manufacturing green innovation efficiency mean values below 0.5, standing at 0.429, 0.4, and 0.341, correspondingly. Despite fluctuations, these cities’ manufacturing green innovation efficiency values remain consistently low. Shijiazhuang leads in investment in labor, funding, and energy within Hebei Province. However, the prevalence of highly polluting and energy-intensive industries results in a low green innovation efficiency within its manufacturing sector. Despite Chengde’s focus on ecological construction, its low-quality labor force, limited scientific and technological innovation, and weak industrial foundation contribute to its inefficient green innovation efficiency. Cangzhou suffers from a weak industrial structure, lagging R&D and innovation, and a relatively subpar ecological environment, impacting its manufacturing industry’s green innovation efficiency.
4.2 Dynamic analysis
This study employes the ML index to dynamically analyze the efficiency of green innovation in the manufacturing industry, building upon static analysis. The ML index measures the efficiency of green innovation in the Beijing-Tianjin-Hebei manufacturing industry, along with its derived technical efficiency change index (EC) and technical level change index (TC), calculated using MaxDEA Ultra 8 software.
At the global level, as shown in Table 4, the average ML index value for green innovation efficiency in the manufacturing industry of the Beijing-Tianjin-Hebei region exceeds 1. The average growth in green innovation efficiency within the manufacturing sector is 8%, signifying an overall upward trend in green innovation within the Beijing-Tianjin-Hebei manufacturing industry. Further decomposition of the ML index reveals that, during the assessment period, the average values for both the technical efficiency change index and the technical level change index of green innovation in the manufacturing industry of Beijing-Tianjin-Hebei surpass 1. The average growth rates are 4.9% for the technical efficiency change index and 3.9% for the technical level change index. This indicates that technical efficiency and technical level collectively drive the enhancement of green innovation in the manufacturing industry of the Beijing-Tianjin-Hebei region, with the degree of technical efficiency change exceeding that of technological level. Specifically, prior to 2015, the average ML index for green innovation efficiency in the manufacturing industry of the Beijing-Tianjin-Hebei region was below 1. Subsequently, post-2015, the average ML index exceeded 1. This suggests that the adoption of the Beijing-Tianjin-Hebei coordinated development strategy has led to a continual improvement in the level of green innovation within the manufacturing industry of the Beijing-Tianjin-Hebei region. This improvement has also contributed to a certain extent to the high-quality development of the economy in the Beijing-Tianjin-Hebei region.
TABLE 4 | ML index and its decomposition in the Beijing-Tianjin-Hebei region.
[image: Table displaying metrics for years 2011 to 2020. Columns: Year, ML, EC, TC. Values range: ML 0.946 to 1.202, EC 0.930 to 1.132, TC 0.923 to 1.118. Mean values: ML 1.080, EC 1.049, TC 1.039.]At the provincial and municipal levels, as depicted in Figure 3, the ML index values for green innovation efficiency in the manufacturing sectors of Beijing, Tianjin, and Hebei exceed 1. Notably, Hebei registers the highest ML index value, trailed by Tianjin, with Beijing recording the lowest. The dynamic efficiency of green innovation has, on average, risen by 8.3% in Hebei and 6.8% in Tianjin, contrasting with Beijing’s more modest average growth rate of 5.6%. This indicates that the manufacturing industry in Beijing, with its high level of green innovation, faces more limited developmental opportunities compared to Hebei, resulting in slower growth. Hebei’s economic prowess, technological advancement, and innovation level significantly lag behind those of Beijing. Nevertheless, recent years have witnessed significant improvements in Hebei’s industrial structure, economic development level, scientific and technological innovation, and resource allocation, owing to national policy adjustments and the coordinated development strategy among Beijing, Tianjin, and Hebei, thereby boosting the green innovation efficiency within Hebei’s manufacturing sector. The technological efficiency change index for Beijing, Tianjin, and Hebei is 1.006, 1.014, and 1.056, respectively, upon further division of the ML index. On average, the technological efficiency change index increased by 0.6% in Beijing and 1.4% in Tianjin, while Hebei experienced significant growth of 5.6%, surpassing the Beijing-Tianjin region. The technological level change index for Beijing, Tianjin, and Hebei is 1.050, 1.066, and 1.036, respectively. The average growth rates of the technical level change index are 5.0% in Beijing, 6.6% in Tianjin, and 3.6% in Hebei, all of which are lower than the rates in the Beijing-Tianjin region. The technical level change index for green innovation in the manufacturing industry is higher than the technical efficiency change index in Beijing and Tianjin. This demonstrates that the enhancement of green innovation in the manufacturing industry in Beijing and Tianjin is attributed to technological progress, whereas in Hebei, it is attributed to improvements in technical efficiency.
[image: Bar chart showing data for Beijing, Tianjin, and Hebei. Each city has three bars representing ML (blue), EC (red), and TC (yellow). Values range between 0.250 and 1.750.]FIGURE 3 | ML index and its decomposition in Beijing, Tianjin, and Hebei.
At the city level, see Table 5, all cities in the Beijing-Tianjin-Hebei region, except Langfang and Hengshui, exhibit ML index values exceeding 1. Moreover, the majority of Hebei’s cities demonstrate significantly higher ML index values compared to Beijing and Tianjin. The green innovation levels of most cities in the Beijing-Tianjin-Hebei manufacturing sector have improved to some degree, with a more significant increase observed in the Hebei region. This observation reflects the attainment of specific outcomes in the coordinated development of Beijing-Tianjin-Hebei. Specifically, the mean ML index values for green innovation efficiency in manufacturing industries in Langfang and Hengshui are 0.957 and 0.961, respectively. This suggests a declining trend in the dynamic efficiency of green innovation in these manufacturing sectors during the examination period. This decline is primarily attributed to the dual influence of changes in technical efficiency and technological level. Notably, the impact of changes in technical efficiency is more pronounced, signifying a deficiency in technological innovation capacity, irrational allocation of resource factors, and other issues in the manufacturing industry of these two cities. Consequently, this results in a decrease in the green dynamic efficiency of their manufacturing sectors. Additionally, in Shijiazhuang, Xingtai, Chengde, and Cangzhou, the mean technical efficiency change index for manufacturing green innovation surpasses the technology level change index. This implies that the enhancement in the dynamic efficiency of manufacturing green innovation in these cities primarily stems from improved technical efficiency. Conversely, in Tangshan, Qinhuangdao, Handan, Baoding, and Zhangjiakou, the boost in dynamic efficiency for manufacturing green innovation primarily results from technological progress.
TABLE 5 | ML index and its decomposition in cities.
[image: A table displaying data for various cities with three columns labeled ML, EC, and TC. Each row lists city names alongside corresponding numerical values, such as Beijing with 1.056, 1.006, and 1.050, or Shijiazhuang with 1.113, 1.086, and 1.025.]5 DISCUSSION
Cultivating green innovation is crucial for enhancing the quality of regional development. The industrial sector in the Beijing-Tianjin-Hebei region is grappling with notable challenges, particularly concerning resource utilization, energy deficits, and environmental pollution. Consequently, green innovation stands as a crucial requirement for achieving sustainable long-term development (Liu et al., 2021). This study applies the Super-EBM model and the Malmquist-Luenberger index to evaluate the efficiency of green innovation in the manufacturing sector within the Beijing-Tianjin-Hebei region. This approach contributes to the enrichment and expansion of pertinent research content, thereby fostering the coordinated development of the region.
Based on static analysis, the research indicates that the overall green innovation efficiency in the Beijing-Tianjin-Hebei manufacturing industry has not yet achieved efficiency, aligning with the findings of Wu and Chen (2017). There is a significant disparity in the level of development within the Beijing-Tianjin-Hebei region. With China emphasizing the five development concepts of “innovation, coordination, green, openness, and sharing” and implementing the coordinated development strategy for Beijing-Tianjin-Hebei, the region has increasingly focused on green and innovative development. It has actively facilitated the transformation and upgrading of the manufacturing industry, progressing toward high-quality manufacturing development. Provincially, Beijing and Tianjin exhibit significantly higher green innovation efficiency compared to Hebei, with Hebei’s green innovation efficiency score below 1. Beijing and Tianjin possess significantly stronger economic development capabilities than Hebei, with a greater abundance of personnel, capital, material resources, and robust scientific and technological innovation capabilities. Despite Hebei having greater resource endowments, its economic development lags behind. The traditional manufacturing industry is more widely distributed, and the R&D level is inadequate, resulting in Hebei’s manufacturing industry lagging significantly in green innovation efficiency compared to Beijing and Tianjin. This poses a challenge to the transformation and modernization of the Hebei manufacturing industry (Lin and Meng, 2020; Ying et al., 2021). At the city level, we infer that Beijing, Qinhuangdao, and Baoding have achieved DEA-effective manufacturing green innovation efficiency, surpassing other cities. Beijing leads in green innovation efficiency within the manufacturing sector, attributed to its dominance in advanced and high-end manufacturing, along with a conducive environment for green innovation. Qinhuangdao and Baoding secured the second and third positions, respectively. Qinhuangdao’s manufacturing industry has a stable foundation and an optimal environmental setting, while Baoding’s advantageous geographical location and convenient transportation position its manufacturing green innovation efficiency at the forefront. Tianjin experienced a significant decline in green innovation efficiency during 2018–2019, leading to a decrease in its overall rating. Other cities in Hebei exhibit lower green innovation efficiency, resulting in a lower ranking. This implies that Hebei faces significant challenges in transitioning the manufacturing industry to a green innovation mode within the Beijing-Tianjin-Hebei region. This finding contrasts slightly with the results of Zhu et al. (2022), possibly due to differences in study methodologies, the constructed evaluation index system, and the scope of research.
The findings of dynamic study indicate an advancing total green innovation level in the manufacturing industry of the Beijing-Tianjin-Hebei region. Analyzing the ML index reveals that the increase in the green innovation level is mainly linked to improved technological efficiency. Before the adoption of the coordinated development strategy in 2015, the ML index was consistently below 1. After implementation, the ML index exceeds 1, and the green innovation level in the Beijing-Tianjin-Hebei region is steadily increasing. Provincially, Beijing, Tianjin, and Hebei all have ML index values above 1, with Hebei being the highest, Tianjin the second highest, and Beijing the lowest. Similarly, the increase in green innovation in Beijing and Tianjin is primarily attributed to technological growth, while Hebei gains from enhanced technical efficiency (Zhou and Shao, 2023). The green innovation level in the industrial sector in Beijing has consistently shown resilience, but there is less room for improvement compared to Hebei. Resulting from the shift in national policies and the recent transformation and growth of Hebei, there has been a substantial enhancement in its resource allocation, R&D innovation, and economic development, leading to a consistent rise in its green innovation level in the manufacturing industry. Beijing and Tianjin host numerous research institutes with generous talent subsidies, leading to the retention of exceptional experts and advanced technological capabilities. This difference in innovation efficiency improvement among Beijing, Tianjin, and Hebei is highlighted by Dong et al. (2022). At the city level, excluding Langfang and Hengshui, ML index values in the remaining cities all exceed one. The primary reason for the decline in the dynamic efficiency of green innovation in the manufacturing industries of Langfang and Hengshui is the fluctuation in technical efficiency. There is no doubt that the two cities still face significant constraints in terms of resource distribution, technological innovation capability, and other areas. Through the implementation of coordinated development in the Beijing-Tianjin-Hebei region, Beijing has downsized non-capital functions. Additionally, Beijing and Tianjin are initiating the relocation of certain manufacturing enterprises to Hebei (Zhang, 2020). In 2017, the proposal to establish the Xiongan New Area in Hebei Province emerged, aiming to catalyze high-quality manufacturing development in the Beijing-Tianjin-Hebei region. Hebei has actively pursued the transfer of industries between Beijing and Tianjin, implementing continuous industrial transformation, upgrading, and strategic layout. This has contributed to the ongoing improvement of green innovation efficiency in the manufacturing sector.
6 CONCLUSION AND ENLIGHTENMENT
6.1 Research conclusion
This study assesses the green innovation efficiency of the manufacturing industry in the Beijing-Tianjin-Hebei region from 2011 to 2020. It achieves this by establishing an index system for green innovation efficiency evaluation and utilizing the Super-EBM model, which incorporates non-expected outputs. Subsequently, the study dynamically evaluates the green innovation efficiency of the manufacturing industry using the ML index based on static analyses. The research yields the following conclusions:
From a static perspective, the average green innovation efficiency in the manufacturing industry of the Beijing-Tianjin-Hebei region is consistently below one, indicating inefficiency. Regarding temporal evolution, the green innovation efficiency in the manufacturing industry of Beijing-Tianjin-Hebei exhibits a fluctuating upward trend. Secondly, there is a notable disparity in green innovation efficiency among the manufacturing industries of Beijing, Tianjin, and Hebei, with Beijing and Tianjin significantly surpassing Hebei. This aligns with their respective overall economic strengths. Except for a few years, both Tianjin and Beijing manufacturing industries have consistently surpassed the production Frontier in green innovation efficiency. However, Hebei’s values fall short of the Frontier, highlighting a notable disparity among Hebei, Beijing, and Tianjin. In terms of temporal evolution, the green innovation efficiency of the manufacturing industry in Beijing and Hebei shows a consistent overall upward trend. In contrast, Tianjin follows a pattern of “initial rise, subsequent fall, followed by a rise again.” Finally, the green innovation efficiency of industrial sectors exhibits significant variation among cities in the Beijing-Tianjin-Hebei region. Beijing, Qinhuangdao, and Baoding are the only cities with a median green innovation efficiency score above one, indicating DEA effectiveness. In contrast, the other cities have scores below one, indicating DEA ineffectiveness.
From a dynamic perspective, the green innovation efficiency of the manufacturing industry in the Beijing-Tianjin-Hebei region has generally increased. Both technical efficiency and technical level contribute to this improvement, with technical efficiency showing a more pronounced change than technical level. The average ML index value for green innovation efficiency in the manufacturing sector of the Beijing-Tianjin-Hebei region exceeds one, showing an average growth of 8%. In comparison, the indices for changes in technological efficiency and technological level stand at 4.9% and 3.9%, respectively. Secondly, the green innovation efficiency of the manufacturing sectors in Beijing, Tianjin, and Hebei has generally improved, though with significant variations among them. The ML index values for green innovation efficiency in Beijing, Tianjin, and Hebei’s manufacturing sectors are all above one, with Hebei leading, Tianjin following, and Beijing trailing. Technological progress drives the improvement in green innovation in the manufacturing sectors of Beijing and Tianjin, while Hebei benefits from enhanced technical efficiency in advancing its green innovation. Ultimately, most cities in the Beijing-Tianjin-Hebei region have seen consistent improvements in manufacturing industry green innovation efficiency, with Hebei showing the most significant increase. Apart from Langfang and Hengshui, the average ML index value for green innovation efficiency in the remaining cities of the Beijing-Tianjin-Hebei region exceeds one, with Hebei’s values notably surpassing those of Beijing and Tianjin.
6.2 Policy implications
Firstly, enhancing the industrial structure and promoting green development. On the one hand, Beijing and Tianjin should enhance the transformation of both old and new driving forces. This involves actively transforming or eliminating industries with high pollution and energy consumption. The focus should be on developing high-end manufacturing sectors like automobile, pharmaceutical, computer, communication, and electronic equipment manufacturing. Moreover, there is a need to increase investment in research and development (R&D) for the advancement of high-tech industries and facilitate the co-development of such sectors. Drive the industrial sector of the entire Beijing-Tianjin-Hebei region towards high-end and environmentally friendly development. On the other hand, the government is obligated to guide the industrial transfer, actively promote the relocation of industries to Hebei province, and adjust the spatial layout. Efforts should be made to promote the complementary cooperation of talents and other innovative factors, optimize innovation resource allocation, and thereby facilitate the coordinated expansion of the industrial structure in the Beijing-Tianjin-Hebei region. On one hand, Hebei should actively engage in the industrial transfer from Beijing and Tianjin, while also undergoing a positive transformation to promote the development of industrial clusters and economies of scale. On the other hand, Hebei should encourage the upgrade of industrial structures based on its own resource endowment features and implement actions that rely on local conditions. Hebei should enhance and strengthen traditional competitive industries such as steel, equipment manufacturing, petrochemicals, and food. Simultaneously, it should eliminate conventional industries with high pollution and energy consumption. Additionally, Hebei should cultivate and strengthen strategic emerging industries, including next-generation technologies, biomedicine, new energy, and novel materials, while optimizing its manufacturing layout. The aim is to promote the development of the manufacturing industry structure through a low-carbon and green path.
Secondly, enhancing technical innovation capabilities and optimizing resource allocation. Leveraging their respective strengths, Beijing and Tianjin should enhance collaboration between enterprises, universities, and research institutes. They should ensure universities consistently produce high-quality professionals for enterprises, foster ongoing technological innovation, strengthen independent innovation capabilities, and advance the level of green innovation in manufacturing. Neighboring cities with low green efficiency, such as Langfang, Chengde, and Tangshan, should receive targeted assistance. Additionally, a platform for sharing green innovative technology should be established to facilitate the development of the collaborative innovation system in the Beijing-Tianjin-Hebei region and promote the green transformation and upgrading of industries. Hebei should, on one hand, transform its traditional commercial model. It should prioritize innovative investment in the innovation process, proactively engage in technological change and innovation, increase investment in industrial R&D, establish a fully functional technology transformation platform and achievement trading platform, and facilitate the transformation of numerous scientific and technological achievements. On the other hand, it is essential to nurture innovative entrepreneurs who can lead in innovation, promote the deep integration of industries, universities, and research institutes, optimize input-output factors in the green innovation process in manufacturing, reduce production and operation costs, and enhance the efficiency of green innovation in manufacturing.
Ultimately, promoting ecological and environmental management to enhance economic efficiency. In recent years, the Beijing-Tianjin-Hebei region has faced severe air pollution and compromised air quality. On one hand, the government should rigorously enforce corporate pollution emissions licensing and management, establish a robust ecological and environmental protection management system with synergistic mechanisms, increase investment in industrial pollution control in the Beijing-Tianjin-Hebei region, enhance the utilization rate of pollutants by converting them into other valuable resources, and heighten enterprise awareness of green development. This will contribute to enhancing the economic efficiency of enterprises. On the other hand, as the manufacturing sector’s industrial structure undergoes upgrades, Beijing and Tianjin should enhance environmental protection efforts. This involves implementing comprehensive systems for total energy and resource management and conservation, as well as promoting the recycling of energy elements. Hebei should reconsider its initial extensive expansion of the manufacturing industry and implement stringent control over enterprise pollution emissions. A corresponding punitive mechanism can be established to reinforce the establishment of a corporate environmental responsibility system. Additionally, relevant departments can organize comprehensive pollution treatment measures to reduce emissions from the manufacturing industry, aiming to enhance resource utilization and support the development of high-quality manufacturing.
6.3 Limitations and prospects
Due to limitations in research data availability and other factors, the green innovation efficiency evaluation index system developed in this study still exhibits deficiencies. There may be additional indicators with stronger relevance that are not incorporated into the evaluation index system, warranting improvement. Furthermore, following the assessment of green innovation efficiency in the manufacturing industry of the Beijing-Tianjin-Hebei region, there is an opportunity to delve into the spatial and temporal characteristics, as well as the influencing factors impacting green innovation efficiency. This aspect can be explored more comprehensively in future studies.
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In the context of bank digitalization construction, this paper explores the impact and mechanism of bank digital transformation on corporate green innovation based on the data of listed enterprises from 2010 to 2021. It is found that bank digital transformation enhances the overall and strategic nature of corporate green innovation but has no significant impact on corporate substantive green innovation. The mechanism analysis shows that bank digital transformation can promote corporate green innovation by inhibiting corporate financialization and alleviating corporate financing constraints. Government environmental regulation and media attention have a positive moderating effect on the relationship between banks’ digital transformation, and enterprises’ green innovation, i.e., an increase in the level of government environmental regulation and an increase in media attention will strengthen the promotion effect of banks’ digital transformation on enterprises’ green innovation. Heterogeneity analysis shows that the promotion effect of banks’ digital transformation on corporate green innovation is more significant for state-owned enterprises, heavily polluted enterprises, large-scale enterprises, and enterprises in the eastern region. Therefore, the digital transformation of banks can “empower” the green innovation of enterprises, help the green development of enterprises, and lead the high-quality development of the economy. At the same time, the study’s results also show that the green development of enterprises should not be “superficial” but “substantial.”
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1 INTRODUCTION
This paper explores the relationship between bank digitalization and corporate green innovation. China has neglected the environment while upgrading its economy in the past (Zhao et al., 2023). Now that the problems of resource scarcity and climate change are becoming more pressing, implementing green production methods has become a consensus. As the first driver of high-quality green development, innovation can improve energy efficiency and achieve cleaner production (Takalo and Tooranloo, 2021). Green innovation has undoubtedly become a powerful tool for solving environmental problems (Ulucak and Baloch, 2023). However, green innovation is a long-cycle activity with uncertain returns (Cao et al., 2021; Lin and Ma, 2022), and the traditional banking sector, which is the primary source of financing for Chinese firms, has been reluctant to take risks, resulting in a stagnant green innovation process. The arrival of digital technology has led to an all-round change in the banking sector, which has taken up the responsibility of promoting corporate green development (Yang et al., 2021; Cao et al., 2022). Therefore, exploring the impact of banking digitalization on corporate green innovation is significant for achieving sustainable and high-quality economic development.
Since the Industrial Revolution, economic growth has led to severe environmental problems (Xiong and Xu, 2021; Lin and Ma, 2022). China’s past crude economic development model has sacrificed the ecological environment for economic growth, leading to increasingly severe problems of resource depletion and environmental pollution. As the world’s second-largest economy, China is the world’s largest emitter of carbon dioxide (CO2), accounting for more than a quarter of global emissions and playing a pivotal role in global environmental governance (Gregg et al., 2008; Zheng et al., 2023). As environmental control becomes increasingly urgent, China is pursuing a green transformation alongside economic growth to ensure sustainable economic and ecological development (Zhao et al., 2022). The 20th National People’s Congress report pointed out that “promoting the greening and decarbonization of economic and social development is a key link to achieving high-quality development. ”Therefore, enterprises are an essential focus point for high-quality development and should be embedded in social development’s greening and decarbonization process. Enterprises are a necessary engine of economic growth, a crucial main body for pollution prevention and ecological civilization construction (Shrivastava, 1995; Liu et al., 2022; Ding et al., 2023). Innovation is the first driving force to lead development, and green innovation, with the core pursuit of realizing green growth, is an inevitable response to strict environmental regulations and the realization of sustainable development in production and consumption. Green innovation can enhance the competitiveness of enterprises while reducing the consumption of natural resources (Tu and Wu, 2021).
Finance, as the bloodline of the real economy, is undergoing a systemic digital transformation, taking on the heavy responsibility of greening enterprises and promoting high-quality economic development (Yang et al., 2021; Cao et al., 2022). Ma and Zhu’s (2022) study shows that the digital economy promotes the change of production and governance methods, effectively driving high-quality green development. The digital economy has also demonstrated its strong resilience and potential in the face of China’s severe environmental problems at this stage (Hao et al., 2023). The development of digital technology has changed how financial service providers perform their duties, and competition in the financial services industry has intensified in the digital environment, making it imperative for financial institutions to undergo digital transformation to adapt to the overall environment (Gomber et al., 2018). In this regard, the Outline of the 14th Five-Year Plan for the National Economic and Social Development of the People’s Republic of China and the Vision 2035 emphasizes that fintech should be developed prudently and the digital transformation of financial institutions should be accelerated. Long cycles and large investments in corporate green innovation require significant and stable financing (Cao et al., 2021; Lin and Ma, 2022). Traditional finance is less inclusive and has high service thresholds, making it difficult to provide long-term and stable financial support for enterprises, negatively affecting their green innovation investments (Ghisetti et al., 2017). Digitalization of financial institutions breaks time and space constraints and improves the efficiency of financial services, which can fill the funding gap of corporate green transformation (Feng et al., 2022; Lee et al., 2022). Chinese finance is characterized by significant bank dominance (Allen et al., 2005; Cao et al., 2022). Gomber et al. (2018) and Wang et al. (2021) find that banks do reduce operating costs, streamline business processes, and improve service efficiency through digital technology to achieve a win-win situation for both banks and enterprises. As shown in Figure 1, the level of digital transformation of Chinese commercial banks has been increasing from 2010 to 2021, with the total digitization index rising from the initial 14.2 to 50.64. Moreover, the digitization level of local banks, excluding foreign banks, is higher than overall commercial banks. Specifically, according to the mean value of each data and then finding the percentage difference between the digital transformation of local and overall commercial banks, we know that the digitalization of local banks’ strategy is 4.48% higher than that of overall commercial banks, the digitalization of local banks’ business is 5.71% higher than that of overall commercial banks, the digitalization of local banks’ management is 5.59% higher than that of overall commercial banks, and the total digitalization index of local banks is 5.45% higher than that of overall commercial banks. However, the development of digital technology has brought both opportunities and challenges to banks. Murinde et al. (2022) and Buchak et al. (2018) found that financial disintermediation is getting worse in the digital context, traditional banking business is severely impacted, competition among banks is intensifying, and fintech companies are encroaching on banking business. Banks face disruptive changes, and various types of banks show differentiation in the digitalization process; for example, diversified banks become less stable with digital transformation (Khattak et al., 2023), and there is uncertainty in the effect of banks’ digital transformation. Whether bank digital transformation can promote corporate green innovation and realize a low-carbon economy still needs further exploration.
[image: Line graph illustrating the level of digital transformation in commercial banks from 2010 to 2023. Various lines represent strategic, management, operational, and observed digitalization, global economic digitalization, and local regional digitalization. Strategic digitalization shows the steepest increase, peaking around 2021, while local regional digitalization remains lowest throughout the period.]FIGURE 1 | Digital transformation level of Chinese commercial banks.
Many previous studies have explored the influencing factors of corporate green innovation. For example, Xia et al. (2022) explored the influencing factors of corporate green innovation from the perspective of government subsidies, Li and Du (2021), Lin et al. (2014), and Galbreath (2019) carried out a series of investigations from the perspectives of environmental regulation, corporate political capital, and corporate governance, but there are not many studies that investigate whether and how banks’ digital transformation can promote corporate green innovation has not been studied much. Although some scholars have noted that the development of digital finance is expected to achieve green economic growth (Hao et al., 2023), they are more likely to explore the impact of digital finance on the level of corporate green innovation (Feng et al., 2022; Liu et al., 2022). None of them have sunk the study of the impact of digital finance on corporate green innovation to the level of bank digitization. They are more likely to bank digitization, which is covered in digital finance (Lin and Ma, 2022). However, digital finance emphasizes the innovation of products and services, and bank digital transformation emphasizes the innovation of business models, which are fundamentally different. Therefore, this paper explores the impact of banks’ digital transformation on corporate green innovation. Bank digital transformation is the main body of the digital transformation of financial institutions, but it is also the main channel for enterprises to obtain external financing. Whether bank digital transformation can positively affect corporate green innovation is crucial to how China can achieve synergistic development of digital greening. This paper attempts to address the above gap through the following questions:
	i) How will banks’ digital transformation affect corporate green innovation in the context of digitization?
	ii) What is the exact mechanism by which banks’ digital transformation affects corporate green innovation?
	iii) Is there any heterogeneity in the impact of banks’ digital transformation on corporate green innovation in the context of differences in China’s corporate development and regional economic development?

This paper empirically analyzes the impact and mechanism of banks’ digital transformation on corporate green innovation using data from 2010 to 2021. The possible marginal contributions of this study are as follows:
i) Existing literature has focused on the impact of digital finance on corporate greening (Feng et al., 2022; Liu et al., 2022), emphasizing the impact of new service models on corporate greening. As the dominant player in China’s financial industry, banks differ from digital finance in digital transformation. Digitalization of banks emphasizes business model innovation. In light of the speeding up and deepening of digital transformation in China’s banking industry, this paper explores the impact of banks’ digital transformation on corporate green innovation from theoretical and empirical perspectives. It provides empirical evidence of the positive effect of banks’ digital transformation on corporate green innovation through benchmarking analysis, which expands the consequences of banks’ digital transformation and provides valid evidence of positive externalities brought by banks’ digital transformation.
ii) Existing literature mainly focuses on the impact of financing constraints, a mediating variable, on corporate green development (Li et al., 2022; Lin and Ma, 2022). This paper broadens the new perspective and explores the mechanism of bank digital transformation on corporate green innovation by focusing on two mechanisms: financing constraints and corporate financialization.
The rest of the study is structured as follows: Section 2 provides a theoretical analysis and presents the theoretical hypotheses; Section 3 details the data sources, variables, and methodology; Section 4 gives the empirical results; Section 5 gives the conclusions and implications. The flow chart of the study is shown in Figure 2.
[image: Flowchart depicting the research framework for "Bank Digitization and Corporate Green Innovation." It progresses through stages including theoretical analysis, robustness testing, mechanism testing, and heterogeneity tests, culminating in conclusions and implications. Each stage involves specific methods or considerations outlined in boxes.]FIGURE 2 | Flow chart of the study.
2 THEORETICAL ANALYSIS AND RESEARCH HYPOTHESIS
Green innovation is characterized by strong externalities, long cycles, and high capital demand (Cao et al., 2021), and enterprises’ inputs are unable to meet the funding gap of green innovation, so external financing has become an important channel for enterprises to obtain funds for green innovation activities. However, traditional financial institutions have poor inclusivity and tend to focus on projects with low risk and short maturities. Bank digitization relying on digital technology has the characteristics of high efficiency and convenience, providing critical support for enterprises’ green innovation activities. Bank digitalization is the mutual integration of digital technology and traditional banks (Rodrigues et al., 2022; Xie and Wang, 2023). Digital technology has been deeply rooted in green attributes from its birth to crack the environmental dilemma facing human development and realize its sustainable development. The green qualities of digital technology and the essence and mission of financial services for the high-quality development of the real economy embedded corporate green innovation in the financial digital development (Ozturk and Ullah, 2022). It has been shown that digital finance promotes enterprise green innovation and reduces environmental pollution by optimizing credit allocation and regulation (Li et al., 2022; Lin and Ma, 2022). Chinese finance is characterized by significant bank dominance. The digital transformation of banks will further break down the information barriers between banks and enterprises, provide a new business model, and significantly improve the quantity, quality, depth, breadth, and speed of information of banks and enterprises, further reducing the pricing bias, supervision bias, and risk control bias of bank credit, and constrain the abuse of power by bank management so that the screening and supervision of green projects will become more scientific and precise, and thus be able to empower enterprise green innovation (Gomber et al., 2018; Lin and Ma, 2022). innovation (Gomber et al., 2018; Diener and Špaček, 2021; Wang et al., 2021; Lee et al., 2022).
Based on the above analysis, this paper proposes the following hypotheses:
H1. Banks’ digital transformation empowers corporate green innovation.
Because of insufficient support from financial resources, real enterprises often adopt financialization methods to pursue profit maximization, risk avoidance, and misappropriation of enterprise innovation and R&D investment (Yan et al., 2023). In the face of the downturn of the real economy, governments have launched loose monetary policy, which makes a large number of funds flow into the capital market and real estate market. The profitability of financial investment continues to rise, and non-financial enterprises, out of pursuing the principle of maximizing profits, tend to become increasingly financialized. The financialization of physical enterprises has led to a continuous flow of funds to the financial sector, resulting in a lack of physical assets and difficulty in obtaining credit support. At the same time, enterprise green innovation is a kind of investment with a longer cycle, delayed return, and greater capital demand, which managers will regard as having more significant uncertainty, thus cutting down green innovation investment and hindering enterprises from carrying out green innovation. Banks use digital technology to automate business processes, optimize cumbersome processes, and improve credit allocation efficiency (Lin and Ma, 2022). At the same time, by accurately capturing the “digital footprints” of enterprises, banks know the actual operating conditions of enterprises, effectively alleviate the problem of information asymmetry between banks and enterprises before lending, improve the banks’ ability to evaluate the creditworthiness of enterprises, reduce the reliance on collateral, expand the proportion of credit issuance, and weaken the financialization phenomenon caused by enterprises’ risk avoidance (Gao and Ren, 2023; Wang and Hu, 2023; Yan et al., 2023), thus expanding the R&D investment of enterprises and promoting green innovation.
Based on the above analysis, this paper proposes the following hypothesis:
H2. Banks’ digital transformation expands credit scale, inhibits enterprises’ financialization behaviors out of risk aversion, increases enterprises’ green innovation funds, and thus promotes enterprises’ green innovation.
The Guiding Opinions on Digital Transformation of the Banking and Insurance Industry issued by the China Banking and Insurance Regulatory Commission (CBIRC) in 2022 specifies that bank digitalization is an inevitable necessity based on a new stage of development and that its origin lies in serving the real economy and carrying out ecological construction. Banks’ digital transformation alleviates the problem of high cost and low efficiency of traditional banks and makes it possible for banks to benefit enterprises. 1) According to data showing that China’s population officially entered negative growth in 2022, it is predicted that China’s negative population growth will show a trend of long duration, rapid development, large-scale downsizing, and difficulty to rebound, and labor costs are rising. The digital transformation of banks promotes the shift of banking services to online, and the previous highly repetitive work is replaced by machines, reducing the labor cost of banks (Rodrigues et al., 2022; Xie and Wang, 2023). 2) Banks also use technologies such as big data and artificial intelligence for regulatory purposes, enhancing their information screening capabilities, tracking the use of corporate funds in real-time, reducing bank regulatory costs (Guo et al., 2023), and reducing the requirements for corporate credit collateral, driving down bank costs and improving operational efficiency. Compared with the traditional banking system’s high-risk premiums and high operating costs, bank digitization breaks down the financing barriers of enterprise green innovation projects, effectively solves the financing problems of enterprise green innovation projects, and promotes the transformation of economic structure to green and low-carbonization.
Based on the above analysis, this paper puts forward the following hypotheses:
H3. Bank digitalization transformation promotes bank concessions to enterprises, effectively eases enterprise financing constraints, and then promotes enterprise green innovation.
Government environmental regulation is a formal system constraining firms’ environmental pollution behavior, forcing firms to increase green investment and undergo green transformation (Feng et al., 2022). Firms subject to more lenient environmental regulations do not take the initiative to go green due to concerns about production costs (Hasan and Du, 2023), while strict government environmental regulations increase firms’ costs, reduce firms’ revenues, and incentivize firms to innovate green. Government environmental regulation incorporates corporate environmental governance into the economic and social rating system for high-quality development, utilizing the government’s “hand” to support sustainable development (Yu et al., 2023). In the era of the digital economy, the increase in the intensity of government environmental regulation can help enterprises improve the efficiency of factor allocation and effectively utilize the funds provided by the digital transformation of banks for enterprises. At the same time, the greater the intensity of government environmental regulation, the more significant the impact of corporate green behavior on bank credit decision-making, effectively promoting bank digitalization of corporate green change, thus promoting corporate green innovation.
Based on the above analysis, this paper puts forward the following hypotheses:
H4. The increase in the intensity of government environmental regulation will strengthen the promotion effect of bank digital transformation on enterprise green innovation.
Media attention is an informal system that complements government environmental regulation. Media attention is the primary external supervisor and information intermediary. On the one hand, the media, through tracking enterprises and reports, increases corporate information’s transparency and the difficulty and cost of corporate environmental violations. On the other hand, with the continuous improvement of public awareness of environmental protection, media reports have become an essential channel for the public to understand the information of corporate environmental governance, condemn corporate pollution behavior, increase the possibility of government regulatory intervention, the relevant adverse reports affect corporate value and reputation, further increasing public and bank supervision of environmental governance issues and monitoring corporate management’s adoption of green strategies (Becchetti and Manfredonia, 2022). Therefore, the higher the media attention, the more significant the contribution of bank digitization to corporate green innovation should be.
Based on the above analysis, this paper proposes the following hypothesis:
H5. Increased media attention reinforces the role of bank digitalization in promoting corporate green innovation.
3 RESEARCH DESIGN
3.1 Sample data source and processing
In this paper, Chinese-listed companies are selected as the research sample. Given that the timeframe of the commercial bank digital transformation data from the Digital Finance Research Center of Peking University used in this paper is 2010–2021. Therefore, this paper selects listed enterprises from 2010 to 2021 as the research object.
The sample data are processed as follows: 1) ST, ST*, and PT enterprises are excluded; 2) financial and real estate enterprises are excluded; 3) enterprises with less than 5 years of operation are excluded; 4) samples with missing data are excluded. Finally, 21,532 valid sample observations were obtained. The financial data in this paper comes from the CSMAR database, and the green patent data and the number of media reports come from the CNRDS database.
3.2 Definition of variables
3.2.1 Explained variables
Corporate Green Innovation (TGreen). This paper uses the number of corporate green patent applications to measure the level of corporate green innovation. Referring to existing studies, it is found that the number of corporate green patent applications is a standard indicator for measuring corporate green innovation (Cao et al., 2021; Li et al., 2022; Liu et al., 2022). Based on this, this paper refers to the study of Rao et al. (2022), which takes the total number of corporate green patent applications as a measure of the total level of corporate green innovation and takes the number of corporate green utility model patent applications as a measure of the level of strategic green innovation (Str), and the number of corporate green invention patent applications as a measure of the level of substantive green innovation (Sub) of the enterprise.
3.2.2 Explanatory variables
The degree of bank digital transformation at the enterprise level (TDI). First, this paper takes Peking University’s digital transformation index of Chinese commercial banks as a measure of the digital transformation of commercial banks. It subdivides banks’ digital transformation into three sub-dimensions: strategic digitalization, business digitalization, and management digitalization. Second, based on the data of commercial banks’ lending to enterprises, the level of digital transformation of commercial banks’ lending to enterprises is calculated to obtain the degree of bank digital transformation (TDI), the degree of strategic digital transformation (SDI), the degree of business digital transformation (BDI), and the degree of management digital transformation (MDI) at the enterprise level.
3.2.3 Intermediary variables
Firm financialization level (finhold). This paper refers to the studies of Yan et al. (2023) and Gao and Ren (2023) to measure corporate financialization by the ratio of corporate financial assets to total assets where corporate financial assets include trading financial assets, loans and advances granted, derivative financial assets, held-to-maturity investments, available-for-sale financial assets, and investment properties.
Corporate Financing Constraints (SA). Currently, there are the SA index, WW index, and KZ index for measuring corporate financing constraints, of which the SA index is more exogenous. Hence, the research in this paper takes the SA index as a measure of corporate financing constraints.SA index is calculated as follows:
[image: Mathematical equation displaying \( SA = -0.737 \times \text{Asset} + 0.043 \times \text{Asset}^2 - 0.0044 \times \text{Age} \).]
where Asset is the natural logarithm of the firm’s total assets, and Age is the firm’s year of establishment. The SA index is negative, and the larger its absolute value, the more severe the financing constraints faced by the enterprise.
3.2.4 Regulatory variables
Government environmental regulation intensity (ER). In this paper, referring to the studies of Li et al. (2023) and Chen and Chen (2018), 27 environmental words were selected by considering the three aspects of environmental protection goals, objects, and measures. Secondly, we downloaded the work reports of each prefectural and municipal government, read the work reports of the prefectural and municipal governments by using Python software, and divided the words into words in the text of the work reports of each prefectural and municipal government, and tallied. Finally, the ratio of the frequency of environmental words to the frequency of the full text of the government work report is used to measure the intensity of environmental regulation in each prefecture-level city. The larger the value, the greater the intensity of government environmental regulation. The intensity of government environmental regulation for each enterprise is matched according to the city to which the enterprise belongs.
Media Attention (MED). With the arrival of the digital era, traditional paper media are affected by new media, the survival space is constantly compressed, and more and more traditional paper media choose to suspend publication due to the deterioration of economic benefits. In comparison, online media has the advantages of stronger timeliness, longer retention time, more openness, and lower cost. Considering this, the influence of online media is more significant than traditional paper media in the context of the digital economy. Therefore, this study measures the media attention received by enterprises based on the online news coverage of listed companies in CNRDS.
3.2.5 Control variables
To avoid the possibility of biased econometric tests due to omitted variables, this paper refers to the studies of Lin and Ma (2022) and Liu et al. (2022). It selects the following control variables: at the micro level, we choose the return on total assets (ROA), financial leverage (Lev), unification of the two powers (Dev), the percentage of sole director (Inde), the size of the firm (Size), the percentage of the first shareholding (Top1), and firm Age (Age). In addition, to minimize the endogeneity problem, this paper further controls for the following macro-level variables: provincial GDP growth rate (GDPg) and provincial consumer price index (CPI).
All variables are defined as shown in Table 1.
TABLE 1 | Definitions of main variables.
[image: A table with three columns: "Variables," "Sign," and "Definition." It lists various factors such as "Total level of green innovation" (TGreen), "Strategic Green Innovation" (Str), and "Substantive green innovation" (Sub), defining each in terms of patents and indexes. Other entries include financial and business metrics like "Total Return on Assets" (ROA), "Financial leverage" (Lev), and "Enterprise size" (Size), with definitions related to corporate performance and digital transformation. Each row connects a variable with its abbreviation and an explanatory definition.]3.3 Analysis of descriptive statistics
Table 2 gives the descriptive statistics results of the main variables. As can be seen from Table 2, the minimum value of the total level of enterprise green innovation is 0, the maximum value is 7.36, and the mean value is 1.03, indicating significant differences in the total level of green innovation among enterprises. The minimum value of the two sub-dimensions of corporate green innovation, strategic green innovation, and substantive green innovation is 0, and the maximum value is 6.43 and 7.23, with a mean value of 0.7 and 0.71, respectively, indicating that there are also significant differences in strategic green innovation and substantive green innovation among different enterprises. The minimum value of the degree of digital transformation of banks at the enterprise level is 0, the maximum value is 144.19, and the mean value is 9.79, indicating that the digital transformation of banks at the enterprise level varies widely.
TABLE 2 | Descriptive statistics.
[image: Table displaying various statistical metrics for different variables. Columns indicate the mean, minimum, maximum, and standard deviation for each variable, including TGreen, Str, Sub, TDI, SDI, BDI, MDI, ROA, Lev, Dev, Inde, Size, Top1, Age, GDPg, CPI, finhold, SA, ER, and MED. Values vary across each category.]3.4 Model construction
This paper uses a two-way fixed effects model to test the role of bank digital transformation on corporate green innovation, controlling for individual and year-fixed effects. The baseline model is as follows:
[image: Mathematical equation representing a model: Green sub i t equals alpha sub zero plus alpha sub one D T sub i t plus alpha sub two Control sub i t plus lambda sub t plus delta sub b plus epsilon sub i t.]
In model, i denotes the enterprise, and t denotes the year. Where Green is the level of corporate green innovation, specifically, it includes the total level of corporate green innovation (TGreen) and its two sub-dimensions. The sub-dimensions include corporate strategic green innovation (Str) and corporate substantive green innovation (Sub).DI denotes the bank digital transformation index, and precisely, the bank digital transformation index consists of the following four dimensions: the SDI denotes the Strategic Digitalization Index, BDI denotes the Business Digitalization Index, MDI denotes the Management Digitalization Index, and TDI denotes Total Digitalization Index. [image: It seems there might be an issue with the image upload or description. Please try uploading the image again or provide more context so I can assist you better.], [image: Please upload the image or provide a URL for me to generate the alternate text.], [image: Please upload the image or provide a URL so I can generate the alternate text for you.] is the estimated coefficient of the constant term. Control is a vector composed of control variables, [image: Please upload the image or provide a URL so I can help generate the alternate text for it.] indicating individual fixed effects, controlling for individual-level characteristics that do not change over time, and [image: Lowercase Greek letter delta with a caret symbol above it, likely representing a mathematical or scientific notation.] indicating time-fixed effects, controlling for the impact of year-level characteristics on corporate green innovation. [image: Mathematical symbol for epsilon, subscript i, t, often representing an error term in statistical or mathematical equations.] is the randomized disturbance term.
4 EMPIRICAL ANALYSIS
4.1 Benchmark regression results
Table 3 shows the results of the benchmark regression on the impact of bank digital transformation on corporate green innovation. The column (1) results in Table 3 show that the total bank digital transformation index is significantly positive at the 5% level with the total level of corporate green innovation, indicating that bank digital transformation improves the overall corporate green innovation. To further explore the impact of bank digitization on corporate green innovation, columns (2) and (3) examine the impact of bank digitization on the sub-dimensions of corporate green innovation. The results show that the total bank digitization index is negatively correlated with corporate substantive green innovation and that the entire bank digitization index is positively correlated with corporate strategic innovation at the 1% level, which indicates that the digital transformation of banks increases the strategic green innovation of enterprises, but does not promote the substantive green innovation of enterprises. It can be seen that although banks’ digital transformation has taken advantage of digital technology to provide better support for enterprises’ green innovation, it only promotes enterprises’ strategic green innovation. Enterprises only carry out strategic green innovation with little technical difficulty and investment capital to obtain government green subsidies, bank credit support and preferences, etc., to satisfy the bank’s screening of green development enterprises (Liu and Dong, 2022). It can be seen that at this stage, the purpose of enterprises to carry out green innovation is more to meet the national green development requirements, and the number of pursuing green innovation to convey to the bank the signal that they are actively carrying out green innovation, to obtain more and more stable credit support (Rao et al., 2022), and did not really enhance the green innovation ability of enterprises.
TABLE 3 | Benchmark regression results.
[image: Table showing regression results for three models: TGreen, Sub, and Str. The TDI coefficients are 0.0025**, -0.0003, and 0.0043***, with standard errors of 0.0138, 0.7486, and 0.0000, respectively. Control Individuals/Year and Control variables are both marked as "Yes" in each model. The constant terms (_cons) are -2.2026, -1.7923, and -2.3181*, with N being 21,532 for all models. The adjusted R-squared values are 0.0841, 0.0387, and 0.0437.]To further explore the impact of banks’ digital transformation on corporate green innovation, this paper examines the impact of three sub-dimensions of banks’ digital transformation on corporate green innovation situation, and the regression results are shown in Table 4. Table 4 shows that bank digital transformation significantly improves the overall level of corporate green innovation in strategy, business, and management dimensions. At the same time, all the dimensions of bank digital transformation show a negative but insignificant correlation with corporate substantive green innovation and a significant positive correlation with corporate strategic green innovation. It further indicates that strategic digitalization, business digitalization, and management digitalization of banks only improve enterprises’ overall and strategic green innovation but have no significant impact on their substantive green innovation. In the process of driving green development of enterprises through digital technology, banks emphasize the quantity rather than the quality of green innovation, resulting in enterprises only carrying out simple green innovation.
TABLE 4 | Benchmark regression results by dimension.
[image: Table showing regression results for three models labeled TGreen, Sub, and Str. Variables include SDI, BDI, and MDI, with numerical values and significance levels indicated by asterisks. Each model controls for individuals per year and additional variables, with a sample size of 21,532 for all.]4.2 Robustness tests
4.2.1 Instrumental variable method
Considering the possible endogeneity problem of the model, this paper adds control variables such as total return on assets and financial leverage into the model. However, there may still be endogeneity problems, such as omitted variables. Firstly, this paper takes the number of cell phone subscribers per year in each province as instrumental variable 1 (IV1) to mitigate the endogeneity problem. There is a close connection between smartphones, the material environment driving digital transformation, and cell phones’ mobility and Internet capabilities, which are essential drivers for banks to undergo digital transformation. At the same time, the number of cell phone users does not directly impact green innovation, so the number of cell phone users meets the requirement of exogeneity of instrumental variables. Secondly, this paper refers to the study of Luo et al. (2022) to alleviate the endogeneity problem by using the number of Internet broadband access ports per year in each province as instrumental variable 2 (IV2). Digital development must be connected to the construction of Internet infrastructure. In regions with a higher level of Internet development, banks have fewer barriers to digital transformation, relatively lower costs, faster transformation processes, and do not directly affect corporate green innovation. Hence, the number of Internet broadband access ports meets the requirements of instrumental variable exogeneity.
Table 5 shows the test results of two-stage least squares regression on instrumental variables 1 and 2. Columns (1) and (2) are the test results of instrumental variable 1 (IV1). Column (1) is the result of the first stage of the test, which shows that instrumental variable 1 is significantly positive with the total bank digitization index at the 1% level, with a coefficient of 0.9679, which indicates that the number of cell phone subscribers has a significant positive correlation with the bank’s digital transformation. Column (2) shows the results of the second stage of the test. The total index of bank digital transformation and the total level of green innovation of enterprises are significantly positive at the 1% level, indicating that after the introduction of instrumental variable 1, the total index of bank digital transformation and the total index of green innovation of enterprises are still significantly positively correlated with each other. The findings of this paper are robust. Columns (3) and (4) are the test results of instrumental variable 2 (IV2). Column (3) is the test result of the first stage, which shows that the instrumental variable two and the total index of banks’ digital transformation are significantly positive at the 1% level, with a coefficient of 2.0229, indicating that the number of Internet broadband access ports has a significant positive relationship with banks’ digital transformation. Column (4) shows the results of the second stage of the test, which shows that the total index of banks’ digital transformation is significantly positive at the 1% level with the total level of enterprises’ green innovation, indicating that after the introduction of the instrumental variable 2, there is still a significant positive correlation between the digital transformation of banks and the total index of enterprises’ green innovation, which also indicates that the findings of this paper are robust.
TABLE 5 | Instrumental variable test results.
[image: Table displaying regression analysis results. Variables include IV1, IV2, and TDI. Data is divided between two tool variables, each with two columns under "First" and "Second" categories labeled TDI and TGreen. Notable values: IV1 (0.9679***), IV2 (2.0229***), TDI (0.1563***, 0.0948***), Constant values (117.1266***, -18.5589***, 77.7729***, -10.5590***), all with standard errors. Sample size N is 21,532 across columns. R-squared values: 0.366, 0.388. F-values: 1243.13 and 1365.75.]4.2.2 Changing the explanatory variables
This paper uses the number of green patent applications in the benchmark regression part to measure enterprises’ level of green innovation. To improve the reliability of the results of this paper, the number of green patents obtained is used here to replace the explanatory variables and conduct the robustness test. The results are shown in columns (1)–(3) of Table 6. The total index of bank digital transformation shows a significant positive correlation with the total level of enterprise green innovation, there is no significant relationship with substantive green innovation, and there is a significant positive correlation with strategic green innovation, which is consistent with the results of the benchmark regression in Table 3, indicating that the findings of this paper are robust.
TABLE 6 | Robustness test.
[image: A table presents regression results with variables under three main headings: "Changing the explanatory variables," "Excluding 2015," and "Excluding foreign banks." Nine models are shown, labeled (1) to (9), analyzing TGreen, Sub, and Str variables. Results for TDI include coefficients, standard errors, control variables, and adjusted R-squared values. Indicators such as significance levels are denoted with asterisks, illustrating varying impacts of the explanatory variables. Control variables, individuals, and year adjustments are consistently applied across all models, with different sample sizes and adjusted R-squared values included.]4.2.3 Excluding 2015
The stock market crash 2015 significantly impacted the capital market, with the banking industry assets shrinking, systemic risk rising, and enterprises facing the dilemma of capital breaks. Therefore, this paper synthesizes scholars’ research and excludes the sample 2015 for the robustness test. The results are shown in columns (4)–(6) of Table 6. The total index of banks’ digital transformation shows a significant positive relationship with the total level of corporate green innovation, there is no significant relationship with substantive green innovation, and there is a significant positive relationship with strategic green innovation, which is consistent with the results of the benchmark regression in Table 3, indicating that the conclusions of this paper’s research are robust.
4.2.4 Excluding foreign banks
Foreign banks are founded by foreign sole proprietorships, which are closely linked to their headquarters and other regional operations and are highly influenced by their home countries (Mili et al., 2017). Foreign banks’ operation mode and disclosure quality differ from those of Chinese banks. Therefore, this paper excludes the sample of foreign banks and is based on the digital transformation of local Chinese banks. Columns (7)–(9) in Table 6 show the test results after excluding foreign banks, and the results are consistent with the baseline regression results in Table 3, except for slight changes in the coefficients. It shows that the test results of this paper are still robust after excluding foreign banks.
4.3 Tests of intermediation effects
4.3.1 Intermediary effect test based on enterprise financialization
A high degree of enterprise financialization means that enterprises are detached from their primary business and invest a large amount of money in finance and real estate, which encroaches on the funds for enterprise green innovation and hinders enterprise green innovation. Columns (1)–(3) of Table 7 show the regression results of bank digitalization and enterprise financialization on enterprise green innovation. Column (1) shows that bank digital transformation promotes the improvement of the total level of enterprise green innovation, column (2) shows that the higher the degree of bank digital transformation, the more conducive to the “de-virtualization to the real” of the enterprise, and column (3) verifies the mediation effect of enterprise financialization. Banks can reduce enterprise financialization through digital transformation, which promotes the enterprise’s “transferring from emptiness to reality” and thus enhances enterprise green innovation. While verifying the results of Wang and Hu’s (2023) study on banks’ fintech development to reduce the level of corporate financialization, it also provides new ideas on how the financial industry can empower corporate green innovation in the era of digital economy.
TABLE 7 | Intermediation test effect results.
[image: Table showing regression results for the degree of financialization of firms and corporate finance constraints. It includes variables such as finhold, SA, TDI, control individuals/year, and control variables. Coefficients and significance levels are displayed for TGreen and SA models, with sample size (N), adjusted R-squared, and Sobel test values provided.]4.3.2 Intermediary effect test based on enterprise financing constraints
The enterprise green innovation cycle is long, and capital consumption is significant. If the enterprise faces considerable financing constraints resulting in insufficient funds, it will inhibit its investment in green innovation (Lee et al., 2022; Lin and Ma, 2022). Columns (4)–(6) of Table 7 show the regression results of bank digitalization and corporate financing constraints on corporate green innovation, column (4) shows that bank digital transformation promotes the total level of corporate green innovation, column (5) shows that the higher the degree of bank digital transformation, the smaller the corporate financing constraints, and column (6) verifies the mediating effect of corporate financing constraints. Banks can alleviate the degree of enterprise financing constraints through digital transformation, which promotes enterprise green innovation, providing a direction for banks’ digital transformation to serve the sustainable development of the real economy (Feng et al., 2022).
4.4 Moderating effects tests
4.4.1 Moderating effect test based on environmental regulation
Government environmental regulation is an important policy tool to stimulate enterprises to innovate green. When the intensity of government environmental regulation in a region is high, it will increase enterprises’ environmental and economic costs and force them to carry out green innovation. To examine the moderating effect of environmental regulation on the relationship between bank digitization and enterprises’ green innovation, this paper introduces the intensity of government environmental regulation (ER) suffered by enterprises and its interaction term with the total index of bank digitization to construct a moderating effect test model and to ensure the robustness of the results, the explanatory variable (TDI) and the moderating variable, government environmental regulation (ER) are decentered, and then the interaction term is constructed.
The results of columns (1) and (2) in Table 8 show that the interaction term (ERTDI-C) between environmental regulations and the overall index of bank digital transformation is significantly positive at the 5% level with the overall level of enterprise green innovation, indicating that government environmental regulations have a positive moderating effect on the relationship between bank digitalization and enterprise green innovation. The reason is that government environmental regulation is an essential institutional means for the government to protect the environment and constrain enterprises’ pollutant emissions and other behaviors detrimental to environmental protection (Hasan and Du, 2023; Yu et al., 2023). Government environmental regulations regulate and supervise enterprises to make rational use of bank loans, penalize enterprises that pollute more and are unwilling to change their original production methods, increase the costs of the relevant enterprises, and motivate enterprises to improve their awareness of environmental governance and carry out green innovation.
TABLE 8 | Regulatory affect test results.
[image: Statistical table showing regression analysis results for environmental regulation and media attention on TGreen. Columns represent models (1) to (4) with variables TDI, ER, ERTDI_C, MED, MEDTDI_C. Control individuals/year and variables are included. Results show coefficients, standard errors, and significance levels: TDI is significant in all models. Sample size (N) is 21,532 in each case, with adjusted R-squared values ranging from 0.0840 to 0.0844.]4.4.2 Moderating effect test based on media attention
The aggravation of environmental and sustainable development issues makes the media pay more attention to corporate environmental issues. Given that the media has the role of supervision and information intermediary, it has an essential impact on corporate green innovation. To examine the moderating effect of media attention on the relationship between bank digitization and corporate green innovation, this paper introduces the moderating effect test model consisting of the media attention received by enterprises (MED) and its interaction term with the total index of bank digitization, and to ensure the robustness of the results, the explanatory variable (TDI) and the moderating variable, media attention (MED), are decentered, and then the interaction term is constructed.
The results of columns (3) and (4) in Table 8 show that the interaction term (MEDTDI_C) between media attention and the overall index of bank digital transformation is significantly positive at the 1% level with the overall level of enterprise green innovation, indicating that media attention has a positive moderating effect on the relationship between bank digitalization and enterprise green innovation. The reason is that media attention is an essential complement to government regulation. Media reports can improve the transparency of corporate information, increase public attention to corporate green behavior, increase the possibility of government regulatory intervention, and make it more difficult and costly for corporations to carry out polluting production activities, thus regulating corporate environmental behavior (Li et al., 2023). Enterprises engage in green innovation activities to protect their reputation and obtain bank credit support.
4.5 Heterogeneity test
4.5.1 Heterogeneity test based on the nature of property rights
Traditional finance is more inclined to allocate funds to state-owned enterprises, resulting in the problem of attribute mismatch and slowing down the financial system’s process to support enterprises’ high-quality development. Whether the digital transformation of banks can correct the mismatch problem in traditional finance and improve the ability of finance to support the green development of enterprises still needs to be further explored. Therefore, this paper divides enterprises into two groups, state-owned and non-state-owned, according to their property rights. The regression results in columns (1) and (2) of Table 9 show a negative correlation between banks’ digital transformation index and the total level of green innovation in non-state-owned enterprises. At the same time, both are significantly positive at the 1% level in state-owned enterprises. This indicates that banks’ digital transformation in state-owned enterprises has a more green-driven effect than in non-state-owned enterprises. Due to their political relevance, state-owned enterprises are more likely to obtain bank credit support and bear more social responsibility. They are more willing to carry out green innovation. In contrast, non-state-owned enterprises tend to invest in short-term investments to alleviate their difficulties because of higher production costs due to resource mismatch, which encroach on the capital investment in green innovation (Rao et al., 2022).
TABLE 9 | Heterogeneity test: nature of property rights, degree of pollution.
[image: Table comparing TGreen impact under different conditions. Columns labeled (1) Non-state-owned, (2) State-owned, (3) Lightly polluted, (4) Heavily polluted, show TDI values: -0.0007, 0.0042, -0.0021, 0.0105, respectively. Controls include Individuals/Year and variables. Constants are -1.7293, -3.4506, -1.0294, -4.4488. Sample sizes (N) and adjusted R-squared values are also provided.]4.5.2 Heterogeneity test based on the degree of corporate pollution
There are differences in the relationship between enterprises with different pollution levels and the financial industry, and the enthusiasm for green innovation activities also varies. Therefore, this article divides enterprises into two categories based on their types of pollution: light-polluting enterprises and heavy-polluting enterprises. For the selection of heavily polluting enterprises, the original Ministry of Environmental Protection and the Ministry of Ecology and Environment issued the “Guidelines for Environmental Information Disclosure of Listed Companies” (draft for soliciting opinions) in 2010, which classified 16 industries such as thermal power, steel, and cement as heavily polluting industries. Then, combined with the China Securities Regulatory Commission’s “Guidelines for Industry Classification of Listed Companies” (2012), 20 industries were preliminarily selected, including non-metallic mining and selection, alcohol, beverages, and refined tea manufacturing. Finally, select industry enterprises with industry codes B06, B07, B08, B09, B10, C15, C17, C18, C19, C22, C25, C26, C27, C28, C29, C30, C31, C32, C33, and D44 as heavy polluting enterprises. The regression results of columns (3) and (4) in Table 9 show a negative correlation between banks’ total digital transformation index and the overall level of green innovation in light-polluting enterprises. In contrast, the two are positively correlated at the 1% level in heavy-polluting enterprises. Banks’ digital transformation has a more promoting effect on the green innovation activities of heavily polluting enterprises, indicating that heavily polluting enterprises can better enjoy the “dividends” brought by the digital transformation of banks. The reason is that under the digital development of banks, the financial barriers faced by heavily polluting enterprises have been broken, and they can obtain loans from banks. Faced with the shortage of funds caused by traditional finance, heavily polluting enterprises are more urgent and quick to carry out green innovation to exchange loans from banks and enjoy the “benefits” brought by the digital transformation of banks.
4.5.3 Heterogeneity test based on firm size
Financing ability and innovation ability differ by enterprise size. Therefore, this paper categorizes firms into two columns, small and large-scale, according to the median number of employees. The regression results in columns (1) and (2) of Table 10 show that although both sets of results are positive, only in large-scale enterprises does digital transformation show a significant positive relationship with green innovation. This is because large-scale enterprises are well-funded and stable, making them more likely to obtain bank loans and more capable of green innovation than small-scale enterprises.
TABLE 10 | Heterogeneity test: enterprise size, region of affiliation.
[image: Table displaying regression results for enterprise size and region on TGreen. Columns include small-scale, large-scale, eastern, central, and western regions. Variables listed are TDI, control individuals/year, control variables, and constants. Numerical data, standard errors, and significance levels are shown for each column.]4.5.4 Heterogeneity test based on the region of enterprises
Under the promotion of a series of policy initiatives in China, the overall economic development of China has been dramatically improved, but there are still problems of insufficiency and incoherence. The central and western regions are limited by regional production factor mismatch, low efficiency of digital technology absorption, and other factors compared to the eastern regions, resulting in a low level of development of the digital economy in the region and the gathering of financial resources to economically developed regions, which makes the development of enterprises in less-developed regions limited. In this regard, whether banks’ digital transformation can alleviate the regional mismatch of financial resources needs to be further studied. Therefore, this paper divides enterprises into eastern, central, and western parts according to the region to which they belong. The regression results in columns (3)–(5) of Table 10 show that bank digitalization has a more obvious promotion effect on green innovation of enterprises in the eastern region compared with enterprises in the central and western regions. This indicates that the current digital transformation of banks needs to be accelerated, has not yet played its “universality, ” and has not been able to effectively compensate for the regional mismatch of financial resources in the central and western regions. The reason is that the eastern region has accumulated rich resources in the early stage of economic development, and its economic development is higher than that of other regions, so the digital transformation of banks is faster than that of the central and western regions. Enterprises in the eastern region are also more likely to obtain credit support from banks for green innovation.
5 CONCLUSION AND IMPLICATIONS
5.1 Conclusion
Based on the annual data of Chinese listed enterprises from 2010 to 2021, this paper empirically analyzes whether banks’ digital transformation affects corporate green innovation and its possible internal mechanisms, and the study concludes as follows: (1) Overall, banks’ digital transformation empowers corporate green innovation. This conclusion still holds after considering the model’s endogeneity problem. It is also found that the driving effect of the total bank digital transformation index on corporate strategic green innovation is more prominent. (2) The digitalization of bank strategy, business, and management only promotes overall and strategic green innovation of the enterprise and has yet to impact substantive green innovation significantly. (3) Bank digital transformation promotes corporate green innovation by inhibiting corporate financialization and alleviating corporate financing constraints. (4)The strengthening of government environmental supervision and the increasing media attention have strengthened the promoting effect of banks’ digital transformation on enterprises’ green innovation. (5) The total index of banks’ digital transformation is heterogeneous in promoting corporate green innovation. The driving effect of bank digital transformation on green innovation is more significant for state-owned enterprises, heavily polluted enterprises, large-scale enterprises, and enterprises in the eastern region. The above results indicate that banks’ digital transformation has generally empowered enterprises with green innovation and promoted overall and strategic green innovation but has yet to promote substantive green innovation of enterprises. The digitalization of banks has expanded the scale of bank credit, reduced the financialization behavior of enterprises for risk avoidance, and effectively alleviated their financing difficulties, providing funds for green innovation. Moreover, the continuous strengthening of government environmental regulations and the increasing media attention have also made digital banking more focused on enterprises’ green innovation behavior. However, the focus on green development in the digital transformation process of banks only forces enterprises to engage in strategic green innovation to obtain credit support from banks, which to some extent encroaches on the funds and research and development time for substantial green innovation of enterprises. Banks’ lack of understanding of the essence of enterprise green innovation has been exposed. In the digital transformation process, banks should increase their requirements and review substantive green innovation by enterprises to truly support the high-quality development of the real economy.
5.2 Implications
Based on the above findings, this paper draws the following insights:
	(1) Banks should take the initiative to embrace digitalization and accelerate digital transformation and upgrading. Banks’ digital transformation can alleviate the phenomenon of financialization of enterprises, promote enterprises to use their funds for green innovation, and help enterprises develop in a high-quality manner.
	(2) The government should improve the construction of digital technology-related infrastructure, especially in central and western regions, to create favorable conditions for banks’ digital transformation. Weak digital infrastructure construction will hinder the process of banks’ digital transformation, so the government should increase the construction of digital infrastructure, such as broadband networks, and implement subsidies to introduce talent to strengthen the robustness of digital infrastructure.
	(3) Banks should develop differentiated credit to support green innovation in enterprises. Different types of enterprises have different asset sizes research and development capabilities, and therefore face varying degrees of difficulty in green innovation. Banks developing differentiated credit can help low-capacity enterprises achieve green development.
	(4) Relevant government departments and banking institutions should increase the review system for enterprises’ green patents, effectively improving the quality of green innovation in enterprises. To comply with the national green development strategy and obtain support from the government and banks, Chinese enterprises are more focused on strategic green innovation rather than substantive and true green innovation. In this regard, relevant departments and banking institutions should increase the review system for enterprises’ green patents and implement green innovation to promote high-quality development in the new era.

The research in this paper has some limitations. First, the research in this paper only focuses on China, and future research should include a global sample to guarantee the applicability of the results. Second, bank digitization is an all-around and systematic change, and with the development of digital technology, the bank digital transformation index needs to be refined. Third, the level of green development of enterprises should be comprehensively measured. This paper measures the level of green development of enterprises with the green patent situation of enterprises, which makes it difficult to react to the green development of enterprises completely. Further research can construct the index system of enterprise green development level and explore the impact of bank digital transformation on the overall level of enterprise green development. Finally, unexplored avenues exist between bank digitalization and enterprise green innovation. There are rich pathways for the impact of bank digitization on corporate green innovation, and the role of enterprise risk in the relationship between bank digitization and corporate green innovation can be further explored in the future.
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The integration of the digital economy with rural development is of great significance as it plays a pivotal role in mitigating carbon emissions and environmental pollution in agriculture, thereby contributing to the evolution of agriculture in a green and sustainable manner. This study aims to examine the impact and mechanisms of rural digital economy development (RDED) on agricultural eco-efficiency (AEE). Specifically, based on provincial-level panel data from China spanning from 2011 to 2021, we evaluate China’s AEE by employing the super-efficiency slacks-based measure (Super SBM) model, taking into account the positive externality of agricultural carbon sinks. Then we analyze the impact and mechanisms of RDED on AEE using the two-way fixed effects model. The findings indicate that: (1) RDED significantly promotes AEE, and this conclusion remains robust even after being tested by replacing the explained variable, altering the sample interval, and including more control variables; (2) RDED can significantly drive AEE in the midwestern regions of China, but the promotion effect on the eastern region has not been fully demonstrated. Additionally, the promotion effect in southern China is greater than that in northern China; (3) agricultural science and technology investment partially mediates the impact of RDED on AEE. Moreover, agricultural science and technology innovation has a positive moderating effect on the relationship between RDED and AEE. Lastly, this study provides new evidence and policy recommendations for developing countries, such as China, to proactively facilitate the coordinated development of the rural digital economy and agricultural ecology, and attain green and sustainable ecological agriculture.
Keywords: rural digital economy development, agricultural eco-efficiency, agricultural science and technology input, agricultural science and technology innovation, sustainable agricultural development

1 INTRODUCTION
The growing trend of global warming, primarily attributed to the release of greenhouse gases, has generated worldwide apprehension and expedited the global shift towards environmentally friendly and low-carbon practices in both production and lifestyle. Agriculture, being a key sector in driving economic development, has been identified as a substantial contributor to the overall increase in global carbon emissions (Cui et al., 2022).
China, as one of the major agricultural countries, has paid a huge price in terms of resources and the environment during its development process, despite achieving sustained rapid growth in the agricultural economy at a rate of nearly 6% over the past three decades. With the swift advance of urbanization and industrialization, an increasing amount of arable land has been occupied and converted into construction land. In order to increase agricultural yields, there has been extensive utilization of pesticides, fertilizers, agricultural film, machinery, and other production factors, leading to carbon emissions and non-point source pollution in agriculture (West and Marland, 2002; Yan and Neng, 2016). Such a crude mode of agricultural development not only hampers agricultural production efficiency and resource allocation, but also poses severe constraints on the low-carbon and sustainable development of agriculture, placing immense pressure on China’s resources and environment (Liu et al., 2020; Zou et al., 2020; Zhang C. et al., 2022). Consequently, it is imperative to prioritize the promotion of green agriculture development and address the urgent need for coordinated development of the economy, resources, and environment in China.
Agricultural eco-efficiency mainly refers to the reduction of inputs and resource consumption in agriculture, as well as the mitigation of pollution and ecosystem damage, while simultaneously promoting agricultural economic development (Fang and Zeng, 2021). It serves as a scientific assessment tool for evaluating the interplay between the agricultural economy, environment, and resources (Sun et al., 2014; Wang and Chen, 2020).
In recent years, the digital economy, centered on digital technology and data elements, has become an essential part of the global and Chinese economies by virtue of its high proliferation, scale effect, and network effect (Kong and Li, 2023). Moreover, the application of information technology in rural areas has facilitated the expansion of the digital economy into the countryside, thereby contributing to the advancement of agricultural modernization and rural development. Digitalization, networking, and intelligence are accelerating the penetration of the system of rural agricultural industry, production, and management, which will bring new opportunities for green agricultural development (Yan et al., 2022).
In this context, this paper takes China as an example to comprehensively measure the rural digital economy development (RDED) and agricultural eco-efficiency (AEE) respectively, and deeply explores the intrinsic connection and influence mechanism between the two from the empirical level. Not only does this help to supplement and enrich the rural digital economy literature, provide new ideas and methods for improving agricultural eco-efficiency, but also has vital practical significance and pragmatic value to facilitate the coordinated development of the agricultural economy and ecological environmental protection, and to fulfill the sustainable development of green and low-carbon agriculture.
2 LITERATURE REVIEW
2.1 Agricultural eco-efficiency
The concept of eco-efficiency was initially proposed by German scholars (Schaltegger and Sturm, 1990), which encompasses the idea of economic and ecological efficiency (Baum and Bieńkowski, 2020). Agricultural eco-efficiency, an extension of eco-efficiency within the agricultural domain, emphasizes the sustainable utilization of agricultural resources (Wang et al., 2022). It advocates a contemporary eco-agricultural development model that highlights appropriate quantity, high quality, pollution reduction, and resource conservation. Existing research on agricultural eco-efficiency primarily concentrates on measurement methods, influencing factors, and spatial and temporal variations.
The evaluation methods for assessing agricultural eco-efficiency have undergone a progression from the ratio method, life cycle assessment method (Soteriades et al., 2016), ecological footprint analysis method (Passeri et al., 2013), to more advanced techniques such as the stochastic Frontier method (Lio and Hu, 2009), and data envelopment analysis method (Liu et al., 2020). These advancements reflect the continuous efforts of scholars to put forward more accurate measurements in response to changing ecosystem requirements and to boost sustainable agricultural development. In existing research, the indicator systems of agricultural eco-efficiency pay more attention to the negative externalities on the environment, such as agricultural carbon emissions and non-point source pollution (Liu et al., 2020; Ma and Li, 2021; Zhuang et al., 2021; Ji and Hoti, 2022), while ignoring the positive environmental output of agricultural production, the agricultural carbon sink (Li et al., 2022). Agricultural carbon sink usually refers to the carbon fixed by crops from the atmosphere in agricultural industry (Li and Wang, 2023), which has been recognized as an important part of the low-carbon agricultural development. Indicator systems that only consider negative environmental externalities degrade the comprehensiveness and accuracy of AEE evaluations and are not effective in assessing the sustainability of the agricultural system (Zhang C. et al., 2022).
In terms of influencing factors, scholars have analyzed various factors, including the level of urbanization (Li et al., 2022), the degree of financial support for agriculture (Liu et al., 2020), the structure of crop planting (Akbar et al., 2021), the rate of agricultural disaster (Ji and Hoti, 2022), and the density of machinery (Pang et al., 2016). Additionally, scholars have employed spatial econometric models and geographical detectors to examine the spatial and temporal patterns, spatial aggregation degree, spatial spillover effects, and spatial and temporal heterogeneity of agricultural eco-efficiency (Liu et al., 2020; Liao et al., 2021; Zhang C. et al., 2022; Cui et al., 2022; Li et al., 2022; Wang et al., 2022). Their findings indicate significant disparities in agricultural eco-efficiency and uneven agricultural green development across different regions.
2.2 Rural digital economy and green development of agriculture
The rural digital economy refers to a series of economic activities based on the upgraded digital infrastructure in rural areas, utilizing digital information technologies such as the Internet, cloud computing, and blockchain to empower the digital transformation of agricultural development and the digital enhancement of farmers’ lives (Mu and Ma, 2021). By optimizing the allocation of agricultural production factors and adopting green technologies, the digital economy can ensure scientific agricultural production and efficient management systems (Jiang et al., 2022). Meanwhile, it can also reduce resource wastage and environmental pressure by minimizing inputs that might hinder nutrient cycling, carbon sequestration, and pest control (Lajoie-O’Malley et al., 2020), thus significantly increasing the green total factor productivity of agriculture (Hong et al., 2023) and realizing the green development of agriculture. The construction of digital villages, which involves the integration of the digital economy and traditional agriculture, has become the core driving force for high-quality agricultural development by fully leveraging the innovation diffusion effect of networking, the spillover effect of information and knowledge, as well as the technological universality effect of digitization (Sun et al., 2022). The development of digital villages is also conducive to the acceleration of rural digital transformation, the activation of new rural industries and formats featured with digitalization (Cui and Feng, 2020), and a significant reduction in agricultural carbon emission intensity through the effects of scale operation, structural optimization, and technological progress (Yang et al., 2023). Overall, it is evident that the progress of rural digital economy will stimulate rural sustainable development.
To sum up, whereas many scholars have conducted sufficient research on agricultural eco-efficiency and the impact of the digital economy on high-quality agricultural development, there is a lack of literature that specifically addresses the relationship between rural digital economy development and agricultural eco-efficiency, as well as the underlying mechanisms of this relationship. In addition, the existing literature rarely considers the integration of agricultural net carbon sink into the evaluation index system of AEE, neglecting the positive impact of agricultural production on the environment. This not only decreases the comprehensiveness and accuracy of the evaluation results, but also underestimates the sustainability potential of the agricultural system. Consequently, this paper will incorporate agricultural net carbon sinks into the agricultural eco-efficiency evaluation system, and investigate the intrinsic connection between the rural digital economy development and agricultural eco-efficiency, and empirically test the influence mechanisms. Besides, based on the findings, suggestions will be offered to unleash the development potential of the rural digital economy, enhance agricultural ecoefficiency, promote the green development of agriculture, and facilitate the construction of eco-civilization.
3 THEORETICAL ANALYSIS
3.1 Impact of rural digital economy development on agricultural eco-efficiency
In the digital information era, the integration of digital technology with modern agriculture and rural society has facilitated the emergence of the rural digital economy and the transformation of the agricultural industry chain to informatization. By implementing environmental monitoring systems in agriculture prior to and during production, as well as cultivating new rural e-commerce businesses post-production, it is possible to enhance agricultural production efficiency and the carbon sequestration capacity of farmland (Zhang and Xiu, 2022), thus stimulating the advancement of precise, eco-friendly, and sustainable agriculture and ultimately leading to improved agricultural eco-efficiency. Specifically, the impact of rural digital economy development on agricultural eco-efficiency can be reflected in the following aspects:
Firstly, the development of the rural digital economy fuels the formation of new businesses in agriculture and rural areas. The rural digital economy, with data and information elements, drives the digital transformation of the entire process of agricultural production and operation and the extension of the agricultural value chain (Wen and Chen, 2020). The application of digital technology has given rise to innovative development modes such as precision agriculture, digital agriculture, and smart agriculture. These cutting-edge approaches can effectively mitigate risks and costs associated with agricultural production, which enables scaled-up production and enhanced efficiency of agricultural practices (Mu and Ma, 2021), thereby contributing to the sustainable development of agriculture.
Secondly, the development of rural digital economy plays a crucial role in mitigating agricultural carbon emissions and improving carbon sequestration. It has been indicated that the digital economy development is beneficial for promoting the utilization of arable land to reduce agricultural carbon emissions, with green technological innovation playing a significant mediating role in this regard (Li J. et al., 2023). Improving and adjusting agricultural land use management through digital technologies can further increase agricultural carbon sinks (Wang et al., 2011). Additionally, real-time monitoring of farmland soil and emissions contributes to decision-making processes concerning ecological environment restoration and pollution prevention, thereby bolstering the capacity for agricultural carbon sequestration (Yang et al., 2023).
Thirdly, the rural digital economy development is conducive to promoting green and low-carbon consumption. The application of digital technology enables the traceability of agricultural products, catering to the increasing demand for environmentally friendly and low-carbon goods among consumers (Wan and Tang, 2022). Moreover, it facilitates the stimulation of demand-induced effects through network media and consumption platforms, effectively breaking down information barriers between producers and consumers (Su et al., 2021; Li and Fan, 2022). In that case, agricultural producers can establish accurate connections with the market, compelling agricultural business entities to adopt low-carbon production practices from a demand-driven perspective while expanding the supply of green and low-carbon agricultural products (Yang et al., 2023).
Fourthly, with the deep integration of the digital economy and rural areas, the practice mode of digital financial services for agriculture, rural areas, and farmers has been created. It has been demonstrated that digital finance can significantly reduce agricultural carbon emissions (Chang, 2022; Ma et al., 2022). By fully leveraging the core functions of finance, such as capital formation, capital allocation, and innovation incentives, digital finance markedly expands the scope of green investment in the agricultural sector. It optimizes the allocation of green capital in agriculture and provides financial support for research, development, and innovation in the agricultural green industry (Yang et al., 2022). Consequently, it promotes the organic coordination between agricultural technology development, environmental governance in agriculture, and economic transformation within this sector. This approach facilitates balanced development of the agricultural ecological environment while ultimately enhancing agricultural ecological efficiency (Li et al., 2023b). Based on the above analysis, the following hypothesis is proposed:
Hypothesis 1. Rural digital economy development can promote agricultural eco-efficiency.
3.2 Mediating effect of agricultural science and technology investment
Due to geographical limitations, it is more difficult to raise funds in rural areas compared with urban areas. Moreover, the primary industry is vulnerable to natural disasters and other factors, making it inherently characterized by high risk and low return. All this makes the allocation of financial resources more tilted to other industries, resulting in agricultural science and technology can not get enough capital investment support. With the increasing importance attached to the digital economy development in various regions, especially the rapid development of digital industrialization, the pillar of the digital economy, will accelerate the promotion of science and technology investment and industrialization (Xiao and Xu, 2022). Guiding the flow of social capital to the agricultural industry through increased investment in agricultural science and technology will help to motivate social talents to cluster for research and promote the modernization of agriculture (Ge et al., 2022). Thus, the development of a rural digital economy will inevitably drive an increase in agricultural science and technology input.
Agricultural science and technology investment is the basis and guarantee of agricultural industry digitalization, which can accelerate the transformation of sustainable agricultural production mode, and then improve agricultural eco-efficiency. On the one hand, the increased investment is conducive to accelerating the research and application of green agricultural production technologies, such as agricultural waste recycling, green prevention and control of harmful organisms and efficient water-saving irrigation (Yin, 2017; Yi et al., 2021). On the other hand, agricultural research input can further contribute to the growth of agroecological efficiency by digitalizing agriculture (Wu et al., 2019), improving human capital (Li et al., 2023b), promoting labor transfer (Fang et al., 2020), and providing public infrastructure (Zhuo and Zeng, 2018). Thus, it can be argued that RDED can ultimately contribute to AEE by having a positive effect on agricultural science and technology input. Based on this, we put forward the following hypothesis:
Hypothesis 2. The RDED acts on AEE through agricultural science and technology investment.
3.3 Moderating effect of agricultural science and technology innovation
The level of agricultural science and technology innovation reflects the extent of technological change and progress utilized in agricultural production. It has been revealed that the rate of technological progress dominants the change of agriculture TFP (Chen and Mu, 2022). To be specific, the application of various green innovative technologies such as clean or energy-saving equipment can curb carbon emissions (Hu, 2018), and reduce the consumption of natural resources and ecological environment damage in the process of agricultural production and operation. Besides, the efficiency of scientific and technological innovation can also achieve the effect of agricultural carbon emission reduction through the agglomeration of agricultural industries and the upgrading of agricultural industrial structure (Zhao and Zhao, 2023). It is believed that agricultural science and technology innovation will accelerate the green transformation of agriculture and is an effective measure to enhance agricultural eco-efficiency (Zhang F. et al., 2022).
A study has found that the digital economy exhibits non-linear characteristics in driving green transformation of industries, contingent upon the level of science and technology innovation (Li Z. et al., 2023). The promoting effect of digital economy on the integrated development of rural industries is continuously enhanced by the improvement of the agricultural scientific and technological innovation degree (Huang W et al., 2023). As the extent of agricultural science and technology innovation improves, the development of digital economy will overcome the technological bottleneck, and then attract a large number of talents and capital inflow, which in turn will stimulate innovation vitality (Yan and Chen, 2022). Based on the above discussion, this paper argues that when the level of agricultural science and technology innovation is high, RDED can expedite the commercialization of agricultural research findings and agricultural green transformation, thus further enhancing AEE. Therefore, this paper sets forth the following hypothesis:
Hypothesis 3. Agricultural scientific and technological innovation plays a positive moderating role in the impact of RDED on AEE.
4 METHODOLOGIES
4.1 Two-way fixed effect model
The two-way fixed effect model can simultaneously address the problem of omitted variables that do not change with time, but change with individuals, and those which do not change with individuals, but change with time (Halder and Malikov, 2020). Thus, to verify the proposed hypothesis, we construct a two-way fixed effect model of the impact of the rural digital economy development on agricultural eco-efficiency. Referring to existing research (He et al., 2022), the logarithm transformation of each indicator is carried out to alleviate the potential heteroscedasticity problem, and the formula is constructed as follows:
[image: Mathematical equation representing a model: logarithm of AEE equals beta sub 0 plus beta sub 1 times the logarithm of RDED plus beta sub 2 times logarithm of Control plus lambda sub t plus mu sub j plus epsilon sub t.]
In Equation 1, lnAEEit and lnRDEDit represent the agricultural eco-efficiency and the rural digital economy development of the province i in the period t. The vector lnControlit encompasses all the control variables, containing the level of urbanization (UR), level of agricultural mechanization (AMI), crops planting structure (CPS), financial support for agriculture (FSA) and agricultural industry development (AID). Besides, β0 is the intercept term, β1 and β2 are the coefficient parameters corresponding to the explanatory variables. The time effect, λt, remains constant across individuals, while the individual effect, μi remains constant over time. Lastly, ɛit denotes the random disturbance term.
4.2 Mediating effect model
In order to explore the possible internal mechanism of rural digital economy development on agricultural eco-efficiency, this study further verifies the intermediary role of agricultural science and technology investment between the two. The mediating effect model is established as follows:
[image: The image shows an equation for a logarithmic regression model: ln(HARD) equals α₀ plus α₁ times ln(RDED) plus α₂ times ln(Control) plus λₜ plus  μᵢ plus εᵢₜ, labeled as equation (2).]
[image: The equation represents a regression model: lnAEE_it equals Beta_0 plus Beta_1 lnRDED_it plus Beta_2 lnARD plus Beta_3 lnControl_it plus lambda_t plus mu_i plus epsilon_it, labeled as equation (3).]
Equation 2 tests whether the development of rural digital economy has an impact on the intermediary variable agricultural science and technology investment. Eq. 3 uses the overall regression model. If α1 in Eq. 2 and β1 in Eq. 3 are significant, and β2 is also significant, indicating a partial mediating effect, otherwise there is a complete mediating effect.
4.3 Moderating effect model
To gain a better grasp of the moderating mechanism of agricultural science and technology innovation (ASTI) at various levels in the impact of RDED to agricultural eco-efficiency, this study incorporates the interaction term between ASTI and RDED to Eq. 1. Then construct the following model to examine the moderating effect.
[image: Equation four presents a mathematical model: lnAEE_it equals β_0 plus β_1 lnRDED_it plus β_2 lnAST_it plus β_3 (lnRDED_it times lnAST_it) plus β_4 lnControl_it plus λ_t plus μ_i plus e_it.]
In Equation 4, lnASTIit denotes the level of agricultural science and technology innovation of province i in the period t.
5 VARIBLES AND DATA
5.1 Explained variable: Agricultural eco-efficiency
5.1.1 Measurement method: Super-SBM
There are several commonly used methods for measuring agricultural eco-efficiency, including Data Envelopment Analysis (DEA), Slack-Based Measure (SBM), and other DEA expansion models (Falavigna et al., 2013; Bai et al., 2018; Zhou et al., 2018; Angulo-Meza et al., 2019). Tone improved the DEA model by incorporating slack variables (Tone, 2001), overcoming the bias in traditional models caused by radial and angular factors. Moreover, he proposed the super-efficiency SBM model next year, which effectively distinguishes multiple decision units that are simultaneously efficient (Tone, 2002), leading to more comprehensive and scientifically sound research findings. This model has been widely applied and has become the mainstream approach for estimating ecological efficiency. Therefore, this study chooses the Super-SBM model to evaluate agricultural eco-efficiency, and the specific model is as follows:
[image: Mathematical formula for rho-star equals the minimum of one minus the sum from i equals one to m of si over xi-star, divided by one plus the reciprocal of sigma i times sigma b, multiplied by the sum from i equals one to s1 of si over yio-star plus the sum from i equals one to s2 of si over yik-star.]
[image: Mathematical equations describing a set of constraints: \(x_k = X \lambda + s^-, y_k^g = Y \lambda - s^{g^s}, y_k^b = Y b + s^b\), with the conditions \(s^- \geq 0\), \(s^{g^s} \geq 0\), \(s^b \geq 0\), and \(\lambda \geq 0\).]
In Equations 5, 6, ρ* denotes the value of agricultural eco-efficiency. m, s1 and s2 respectively denote the number of inputs, desired outputs and non-desired output indicators. s−, sg and sb denote the input redundancy, desired output insufficiency and non-desired output excess. λ denotes the weight vector. When ρ* ≥1, it means that the decision-making unit is effcient. When ρ*<1, it means that the decision-making unit has efficiency loss, and the input-output structure should be optimized and adjusted.
5.1.2 Input and output indicators
The existing research on the evaluation of agricultural eco-efficiency points out that agricultural production has the dual function of emitting and sinking carbon. Therefore, it is suggested that agricultural carbon sinks be incorporated into the comprehensive evaluation system of agricultural eco-efficiency, which ensures the assessment more systematic and sound. Therefore, based on the actual situation in the process of agricultural production, this paper characterizes agricultural eco-efficiency from three aspects: resource input, economic and ecological development (desirable output), and environmental pollution (undesirable output). The specific evaluation indicators are presented in Table 1.
TABLE 1 | The input and output indicators of agricultural eco-efficiency.
[image: A table categorizing agricultural indicators. Under "Primary indicators": Input, Desirable output, Undesirable output. "Secondary indicators" for Input: Labor, Natural resources, Energy, Chemicals. For Desirable output: Agricultural economic development, Agricultural ecological development. For Undesirable output: Environmental pollution. "Specific definition" examples: Agricultural employees, total area of sown crops, total power of agricultural machinery, fertilizer consumption, gross agricultural output value, total agricultural net carbon sinks, total agricultural carbon emissions, agricultural non-point source pollution.]This study uses labor, natural resources, energy, and chemicals as input indicators (Han and Sun, 2018; Shen et al., 2018). (1) Labor input is characterized by the number of agricultural workers. It is derived by multiplying the ratio of the gross value of agricultural output to the gross value of agricultural, forestry, animal husbandry and fishery output by the number of persons employed in the primary sector. (2) Natural resource input is based on land and irrigation. The total area of sown crops and effective irrigation area are selected to characterize them respectively. (3) Energy input is represented by the total power of agricultural machinery and rural electricity consumption. (4) Chemical input includes the use of fertilizers, pesticides, and agricultural plastic films.
Desired output is characterized by the gross agricultural output value (converted using 2014 as the base period) and the agricultural net carbon sink. Agricultural net carbon sink is the amount of crop carbon absorption that excludes carbon emissions from agricultural materials input in the process of agricultural production. The formula for calculating the total carbon sink of agriculture (Tian and Zhang, 2013) is as follows:
[image: The formula shown is \( S = \sum_{i=1}^{k} S_i = \sum_{i=1}^{k} s_i Y_i (1 - r) / \text{HI}_i \) with an equation number (7).]
In Equation 7, S represents the carbon absorption of crops, Si represents the carbon absorption of a specific crop, k represents the type of crops, si represents the carbon absorption rate of crops, Yi represents the economic yield of crops, r represents the moisture content of the crops, and HIi represents the economic coefficient of crops. The coefficients of the major crops are shown in Table 2.
TABLE 2 | The coefficients of major crops.
[image: Table showing different crops with their respective economic coefficients, water content percentages, and carbon absorption rates. Crops include rice, wheat, corn, beans, millet, sorghum, cane, manioc, beet, cotton, tobacco, vegetables, and melons. Economic coefficients range from 0.10 to 0.70, water content ranges from 8% to 90%, and carbon absorption values range from 0.407 to 0.485.]Agricultural carbon emissions are calculated by multiplying the carbon emission index by the corresponding carbon emission coefficient (Li et al., 2011). The estimation formula is as Eq. 8, then use Eq. 9 to calculate the argricultural net carbon sink.
[image: Mathematical equation stating: \( E = \sum E_{i} = \sum TQ_{i} \), labeled as equation (8).]
[image: It seems like there is no image attached. Please upload the image or provide a URL so I can help generate the alternate text for it.]
In Equation 8, E represents the total amount of agricultural carbon emissions, Ei represents the total amount of agricultural carbon emissions from various carbon sources, Ti represents the total amount of agricultural carbon emissions from the i th carbon source, and Qi represents the carbon emissions coefficient of the i th carbon source. The agricultural carbon emissions coefficients are: agricultural film 5.18 kg/kg, pesticide 4.9341 kg/kg, fertilizer 0.8956 kg/kg, diesel 0.5927 kg/kg, agricultural irrigation 20.476 kg/hm2, tillage 312.6 kg/km2. In Equation 9, C is the agricultural net carbon sink.
Undesirable output includes agricultural carbon emissions and agricultural non-point source pollution. Referring to the existing literature (Pan and Ying, 2013; Zhang et al., 2021), non-point source pollution in agriculture is a term to describe environmental pollution primarily resulting from the use of fertilizers, pesticides, and agricultural plastic films. The volume of agricultural non-point source pollution is calculated as the application amount multiplied by the respective loss rate, with loss rates of 65% for fertilizer, 50% for pesticides, and 10% for plastic film residue.
China’s national and regional agricultural eco-efficiency from 2011 to 2021 is depicted in Figure 1. Overall, China’s agricultural eco-efficiency showed a fluctuating upward trend during the study period, peaking at 0.78 in 2021. This positive trend can be attributed to the prioritization of green development outlined in China’s Twelfth Five-Year Plan, which was introduced in 2011. Since then, various regions within China have endeavored to implement the national green development requirements and strengthen the management of agricultural resources and environmental conservation.
[image: Area chart showing AEE values from 2001 to 2021 for different regions. Values increase annually from 0.28 to 0.68, categorized by China, East, Central, and West, depicted in red, orange, yellow, and green.]FIGURE 1 | China’s national and regional agricultural eco-efficiency.
In terms of spatial distribution, there are evident differences in agricultural eco-efficiency among the three major economic zones in China. In most years, the central and western regions have shown higher levels of eco-efficiency compared to the national average. Conversely, the eastern region only caught up with the average after 2020. Notably, none of the regions have reached an effective state, thus indicating substantial potential for improvement of agricultural eco-efficiency throughout the country.
The reasons behind these differences can be attributed to various factors. In the eastern region, early agricultural modernization has resulted in a stronger intensity of agricultural development, leading to greater damage to the ecological environment. Nonetheless, efforts in green agriculture and pollution control have been initiated in recent years, resulting in increased farmers’ environmental awareness and a significant rise in agricultural eco-efficiency. In contrast, the growth of agricultural eco-efficiency in the central region has been relatively slow. Both the level of agricultural modernization and the degree of intensification are weaker compared to the eastern region. Thus, the control of agricultural pollution remains feeble, limiting its potential for agricultural green development. Despite the poorer endowment of natural resources in the western region, the intensity of agricultural development is also comparatively low. Consequently, the damage to the ecological environment is less severe, resulting in a somewhat higher agricultural eco-efficiency than the national average.
Figure 2 illustrates the inter-provincial comparison of China’s agricultural eco-efficiency in 2011 and 2021. The 31 provinces have been categorized into three groups—low, medium, and high efficiency—using the natural breakpoint method, revealing noticeable differences among them. Over time, the distribution of China’s agricultural eco-efficiency has evolved. Initially, there was high efficiency in marginal areas and low efficiency in certain central and southeastern coastal regions. However, the current distribution showcases high levels of agricultural eco-efficiency in some western, northeastern, and southeastern coastal regions. Despite the remarkable improvement across all regions in China, there still exist imbalances, which are likely related to the level of economic development in each region. Provinces in the eastern region are economically developed and possess the capacity to support agricultural modernization. Moreover, even though the southeastern coastal region has a relatively low proportion of agriculture, the concept of agroecology has been gradually strengthened, leading to a more significant increase in agricultural ecological efficiency. In contrast, some regions in the central and western areas continue to employ crude production and management practices in their agricultural development, resulting in significant resource wastage and environmental pollution. Consequently, these regions still maintain a medium level of agricultural eco-efficiency.
[image: Two maps of China showing Agricultural Economic Efficiency (AEE) categorized into low, medium, and high levels. The 2011 map shows more regions in low and medium categories, while the 2021 map has increased areas in the high category. A color gradient key indicates these levels.]FIGURE 2 | China’s provincial agricultural eco-efficiency.
5.2 Explanatory variable: Rural digital economy development
5.2.1 Construction of evaluation index system
Currently, there is no consensus on the definition of rural digital economy. Scholars have varying perspectives on the establishment of a rural digital economy index system. Based on a review of relevant literature (Cui and Feng, 2020; Mu and Ma, 2021; Aimin et al., 2022; Wu G. et al., 2022; Yue et al., 2023) and considering data availability, this study constructs an evaluation index system for the development of the rural digital economy from three dimensions: rural digital infrastructure construction, agricultural digitization, and rural digital services. The specific description of the evaluation index system is shown in Table 3.
TABLE 3 | Evaluation index system of rural digital economy development.
[image: A table outlining the indicators of rural digital economy development level. It includes columns for core indicator, primary indicators, secondary indicators, specific definitions, and type. Primary indicators are rural digital infrastructure construction, agricultural digitization, and rural digital services. Each primary indicator has associated secondary indicators and specific definitions. Type for all entries is marked with a plus sign.]5.2.2 Measurement method: Entropy method
In measuring the rural digital economy development, commonly used methods include the entropy method, the principal component analysis method (PCA), the analytic hierarchy process (AHP), etc. The entropy method, in particular, is well-suited for evaluating different research objects over multiple periods as it assigns weights to indicators based on their relative degree of change within the system. This approach has been utilized in previous studies (Maheswarappa et al., 2011; Ahmed, 2022). Consequently, this study will employ the entropy method to determine the weights of the comprehensive index for assessing the rural digital economy development in different regions and different years.
The development of China’s rural digital economy at the national and regional levels from 2011 to 2021 is depicted in Figure 3. The level of rural digital economy development has shown a gradual increase year by year, with significant variations in growth rates among different regions. Overall, the growth of the rural digital economy development follows the trend of “eastern >national >central >western”. This indicates that the eastern region, benefiting from its geographical location and economic progress, has surpassed the national average in the construction and advancement of smart villages and digital agriculture. Conversely, the central and western regions are experiencing slower development and should capitalize on their unique resource endowments to expedite digital transformation and tap into the potential for rural digital economy development.
[image: A 3D line and column chart depicting the projected HOEP values from 2000 to 2013 across four electricity pricing zones: West, Central, China, and East. Each zone is represented by a distinct color: red for West, green for Central, yellow for China, and blue for East. The horizontal axis shows the years, the vertical axis displays the HOEP values ranging from zero to over six, and lines indicate trends over time. Each zone shows an upward trend, with East showing the steepest incline.]FIGURE 3 | China’s national and regional rural digital economy development.
5.3 Mediating variable: Agricultural science and technology investment
Based on the above theoretical analysis, it is known that the rapid development of rural digital construction can effectively improve the agro-ecological system. This improvement can be attained by promoting the development of sustainable agriculture, which is expected to be facilitated by increasing investment in agricultural science and technology. To measure the input of agricultural science and technology, this paper refers to the existing literature (Wang and Zuo, 2021; Huang Y et al., 2023) and proposes multiplying the provincial expenditure on research and experimental development (R&D) by the ratio of gross agricultural product to gross regional product.
5.4 Moderating variables: Agricultural science and technology innovation
Agricultural science and technology innovation plays a crucial role in enhancing the effectiveness of agricultural resource allocation and promoting the adjustment of agricultural structure. This, in turn, facilitates the sustainable development of agriculture and improves the efficiency of agricultural production. Furthermore, the acceleration of rural digital construction and the progress of technological innovation have led to the emergence and application of green agricultural technologies and production methods. These advancements further contribute to the improvement of agricultural ecological efficiency. Therefore, based on the existing literature (Wu L. et al., 2022; Lai et al., 2022; Huang Y et al., 2023), this paper proposes a measure of the agricultural science and technology innovation by dividing the number of patent applications for agriculture, forestry, animal husbandry, and fishery by the resident population.
5.5 Control variables
To mitigate the potential bias arising from omitted variables, this study draws upon the existing literature (Wu L. et al., 2022; Yan et al., 2022; Jin et al., 2023) and selects the following control variables: (1) the level of urbanization (UR) is measured by the ratio of the urban population to the total population at the end of the year; (2) the level of agricultural mechanization (AMI) is quantified as the total power of agricultural machinery divided by the sown area of crops; (3) the crops planting structure (CPS) is represented by the ratio of the grain sown area to the total sown area of crops; (4) financial support for agriculture (FSA) is assessed by comparing local agricultural and forestry expenditures to general government budget expenditures; (5) agricultural industry development (AID) is measured by dividing the added value of the primary industry by the gross regional product.
5.6 Data sources and descriptive statistics
The research samples in this paper consist of panel data from 31 provinces (municipalities and autonomous regions) in China spanning the years 2014–2021 (due to the availability of data, the research area does not include Hong Kong Special Administrative Region, Macao Special Administrative Region and Taiwan Region). The relevant data is sourced from various reputable publications and institutions, including the National Bureau of Statistics of China, China Statistical Yearbook, China Rural Statistical Yearbook, China Fixed Assets Statistical Yearbook, China Tertiary Industry Yearbook, statistical yearbooks of different provinces, the China Taobao Village Research Report by Ali Research Institute, Peking University Digital Inclusive Financial Index, China Human Resources Report by the Human Capital and Labor Economy Research Center of the Central University of Finance and Economics, and the China Patent Information Center website. To address missing data for certain indicators in specific years, multiple interpolation techniques are employed, and a 1% winsorization is applied. The descriptive statistics of each variable are presented in Table 4.
TABLE 4 | Descriptive statistics.
[image: Table showing agricultural variables categorized by type. Variables include agricultural eco-efficiency, rural digital economy development, and others. Columns display codes, sample size (N equals 341), mean, standard deviation, minimum, and maximum values.]6 EMPIRICAL RESULTS
6.1 Fixed effects regression
Mixed regression, fixed effects model, or random effects model are commonly used for panel data analysis. In this paper, we conducted several tests to determine the most appropriate model. Firstly, an F-test was performed, yielding an F-value of 27.43 and a p-value of 0. This result indicates that the fixed effects model outperforms the mixed regression model. Subsequently, a Hausman test was conducted, which resulted in a p-value of 0, rejecting the initial hypothesis of choosing the random effects model. Thus, we adopted the fixed effects panel model. Additionally, we included annual dummy variables to examine individual time effects. The joint significance test of all year dummy variables yielded a p-value of 0, strongly rejecting the null hypothesis of no time effect. Consequently, we selected the two-way fixed effects model, incorporating fixed year and province effects. To ensure the robustness of the findings, we ran separate regression models with and without control variables. The regression results for the fixed effects model are presented in Table 5.
TABLE 5 | Fixed effect of RDED on agricultural eco-efficiency.
[image: Regression table displaying coefficients for variables lnRDED, lnUR, lnAMI, lnCPS, lnFSA, and lnAID across four models. Each model includes standard errors in parentheses. Province fixed effects are included in all models, while year fixed effects are present in the last two. Additional rows display the number of observations, R-squared, and adjusted R-squared values. Statistical significance levels are indicated by asterisks, with three asterisks denoting significance at the 0.01 level.]Table 5 clearly demonstrates that the regression coefficient of rural digital economy development is significantly positive at the 1% level across all models. This finding indicates that an increase in the level of rural digital economy development effectively contributes to the improvement of agricultural eco-efficiency, thus confirming Hypothesis 1.
The analysis primarily focuses on columns (3) and (4) for fixed years. Specifically, in column (3), it is evident that for every 1% increase in the level of rural digital economy development, agricultural eco-efficiency improves by 0.352%. There are several reasons for this:
Given the rapid development of the rural digital economy, digital technology empowers the entire process of agricultural production and operation by facilitating element aggregation, technological penetration, and institutional innovation (Wan and Tang, 2022). As a result, it not only enhances the efficiency of agricultural production but also expands the scale of agricultural operation. Furthermore, the integration and promotion of green and efficient technologies can help reduce the amount but increase the efficiency of chemical fertilizers and pesticides, and save energy and reduce emissions of agricultural machinery. Therefore, the development of the rural digital economy not only fosters the deep integration of new information technology and rural socio-economic development but also enables the green and low-carbon transformation within agriculture.
Moreover, in column (4) of Table 5, where control variables are included, the regression results remain generally consistent overall. To be specific, it is observed that every 1% increase in the level of rural digital economy development results in a 0.330% increase in agricultural eco-efficiency, further validating Hypothesis 1. In addition, the effects of the level of urbanization, the degree of agricultural mechanization, and the financial support for agriculture on agricultural eco-efficiency are found to be significantly negative at the 1% level of significance.
The increasing level of urbanization (UR) has a negative impact on the enhancement of agricultural eco-efficiency. On the one hand, rapid urbanization will result in a significant outflow of young and skilled talents from rural areas, leading to a severe aging of the agricultural labor force (Li and Xu, 2021). Consequently, there is an increased reliance on agricultural machinery to compensate for the reduced workforce, thereby diminishing agricultural eco-efficiency (Shang et al., 2020). On the other hand, as urbanization accelerates, agricultural producers often resort to excessive use of pesticides and chemical fertilizers in an attempt to improve crop yields, increase economic returns, and even narrow the income gap between urban and rural areas. However, this practice not only depletes natural resources but also causes immeasurable environmental pollution and ecological degradation, significantly impeding the improvement of agricultural eco-efficiency.
The level of agricultural mechanization (AMI) has a significant negative impact on agricultural eco-efficiency. This could be attributed to the increased input of agricultural mechanization, which leads to extensive use of fossil fuels in agriculture. Despite the benefits brought by improved labor efficiency, carbon dioxide and polluting gas emissions outweigh them, hindering the enhancement of agricultural eco-efficiency (Li et al., 2023c).
The regression coefficient of financial support for agriculture (FSA) is significantly negative at the 1% level, indicating that insufficient financial support for agriculture suppresses its positive effect on agricultural eco-efficiency. This is contrary to the existing research (Sun et al., 2022). It may caused by the failure to give full play to the positive guiding role of financial funds. Although the financial input to agriculture in each province has been increasing year by year, there are still some problems such as small scale of agricultural financial expenditure, unreasonable structure of capital expenditure and non-standard use of funds (Li et al., 2023b).
Although not statistically significant, both the crops planting structure (CPS) and agricultural industry development (AID) have a positive effect on agricultural eco-efficiency. The insignificant coefficient for CPS may be owing to the relatively small scale of food crop cultivation. While scaling up and specializing in food crop cultivation can lead to reduced agricultural carbon emissions (Sun et al., 2022), the higher benefits associated with cash crops align more closely with farmers’ practical planting choices. Therefore, CPS fails to contribute significantly towards positive outcomes. As for the insignificant coefficient of agricultural industry development, it may be attributed to relatively slow pace of development in the agricultural economy, despite the continuous increase in the share of value added by the primary industry (He et al., 2022). The limited progress is insufficient to promote high agricultural yields and enhance agricultural eco-efficiency.
6.2 Robustness tests
In order to enhance the credibility of the regression findings regarding the relationship between rural digital economy development and agricultural eco-efficiency, this study conducts robustness tests across three dimensions:
6.2.1 Replace the explained variable
In the two-way fixed effects regression, agricultural eco-efficiency calculated based on total pollution emissions of fertilizers, pesticides, and agricultural films is used an explained variable. In an attempt to enhance the robustness of the results, this paper adopts a comprehensive index of agricultural non-point source pollution to re-measure agricultural eco-efficiency, drawing upon existing literature (Lei et al., 2020; Zhang et al., 2021). The result, presented in column (1) of Table 6, demonstrates that the regression coefficient for the rural digital economy development remains significantly positive at the 1% level. This indicates that the conclusion that rural digital economy development significantly boosts agricultural eco-efficiency still holds.
TABLE 6 | The robustness tests.
[image: A regression table displaying the results across three models. Each model has coefficients for lnRDED, ADR, and RHC with standard errors in parentheses. lnRDED coefficients are 0.373, 0.248, and 0.340; ADR is -0.527; RHC is 0.840. Significance levels are indicated by asterisks. All models include CV, Province FE, and Year FE controls. Sample sizes are 341, 310, and 341. R-squared values are 0.514, 0.417, and 0.500, and adjusted R-squared values are 0.438, 0.317, and 0.418. Standard errors are mentioned: *p < 0.1, **p < 0.05, ***p < 0.01.]6.2.2 Change the sample interval
Since the development of the rural digital economy was limited by the epidemic in 2020, the data of 2020 is excluded from this paper for further validation. The regression result is presented in column (2) of Table 6, reveals a significant positive coefficient for the core explanatory variable at the 5% level of significance. This suggests that the results obtained from the two-way fixed effects model are credible.
6.2.3 Add control variables
Two control variables are introduced - agricultural disaster rate (ADR) and rural human capital level (RHC). Referring to the existing literature (Li and Xu, 2021; Li et al., 2023b), the agricultural disaster rate is expressed as the ratio of the affected area of crops to the total sown area of crops, while the rural human capital is measured by the actual per capita rural labor force capital (in 10,000 yuan) estimated by the China Center for Human Capital and Labor Market Research of the Central University of Finance and Economics. The result presented in column (3) of Table 6 shows that, compared to the results of the former two-way fixed effects regression, the regression coefficient for the rural digital economy development remains significantly positive at the 5% significance level. This finding underscores the robustness and reliability of the study’s conclusions.
Consistent with the existing literature, agricultural disaster rate has a significant negative impact on agricultural eco-efficiency. The higher the rate of agricultural disasters gets, the greater the loss of factor inputs will be, resulting in a reduction in desired outputs and consequently impeding agricultural eco-efficiency improvement. Furthermore, the rural human capital has a significant positive effect on agricultural eco-efficiency. To enhance agricultural eco-efficiency, it is recommended to upgrade the level of rural human capital and provide digital training to rural residents. This will assist in the penetration of the digital economy in agriculture, leading to the scaling up and modernization of agricultural production and operations. Consequently, agricultural production capacity and efficacy will increase, further enhancing agricultural eco-efficiency.
Based on the robustness test analysis, it is evident that the impact relationship in the fixed effects regression has a certain degree of reliability.
6.3 Heterogeneity tests
Given the vastness of China’s territory and the complexity of its topography, the geographic locations and regional resource endowments vary from province to province. This variation may result in differences in the impact of rural digital economy development on agricultural eco-efficiency. Hence, this paper aims to analyze the heterogeneity in terms of geographic location characteristics.
6.3.1 Regional heterogeneity in the East and the Midwest
The division of China’s eastern, central, and western regions is primarily characterized by their geographic location and level of economic development. The eastern part of China, being the first to implement the coastal opening policy, has achieved a relatively high level of economic development. In contrast, the central and western regions experience rather poor economic development. These differences in economic development also translate into variations in the degree of digital economy development, industrial structure, and infrastructure across regions. Consequently, the impact of rural digital economy development on agricultural eco-efficiency may exhibit heterogeneity. To address this, the study divides the sample into separate group regressions for the eastern and midwestern regions.
As indicated in columns (1) and (2) of Table 7, rural digital economy development has a significantly positive effect on agricultural eco-efficiency in the midwestern regions, while it is statistically insignificant in the eastern regions. This can be interpreted as follows:
TABLE 7 | The heterogeneity analysis.
[image: Regression table comparing regions: East, Midwest, North, and South. Key variable lnRDED with coefficients: East 0.019, Midwest 0.563, North 0.496, South 0.535. Standard errors in parentheses. All regions have controlled variables (CV), province and year fixed effects. Sample sizes: East 121, Midwest 220, North 165, South 176. R² values: East 0.601, Midwest 0.385, North 0.690, South 0.473. Adjusted R²: East 0.491, Midwest 0.268, North 0.621, South 0.360. Significance denoted as *p < 0.1, **p < 0.05, ***p < 0.01.]In the midwestern region, the adoption of information technology has helped overcome spatial and temporal barriers in traditional agricultural practices. It has facilitated the emergence of new business models such as agricultural e-commerce, contract agriculture, and healthcare tourism, reducing dependence on chemical fertilizers, pesticides, machinery, and energy. As a result, there is a reduction in agricultural carbon emissions at the source, making the positive impact of rural digital economy development on agricultural eco-efficiency more evident in the midwestern regions. Conversely, the eastern region is already economically developed and has a more comprehensive digital infrastructure. The degree of integration and development of digital technology and agriculture is relatively high in these areas, leading to a relatively limited effect of rural digital economy development on the enhancement of agricultural eco-efficiency.
6.3.2 Regional heterogeneity in the North and the South
China’s north and south exhibit significant differences in temperature, climate, precipitation, soil environment, and other natural conditions. These variations result in diverse agricultural resource endowments, farming systems, and production methods. Consequently, there are disparities in basic agricultural production conditions and the choice of policies for agricultural development planning and environmental management. To address this, this study divides the sample into southern and northern regions to examine the regional heterogeneity of the impact of rural digital economy development on agricultural eco-efficiency in each region.
As presented in columns (3) and (4) of Table 7, the regression coefficients of rural digital economy development are both positive at the 1% significance level in the northern and southern regions. This indicates a significantly positive promotion effect of rural digital economy development on agricultural eco-efficiency in both areas. Comparing the regression coefficients, it is evident that the promotion of the rural digital economy development in the South is more pronounced than in the North. This phenomenon can be attributed to the fact:
The northern regions mainly experience temperate monsoon and temperate continental climates, which are characterized by relatively low precipitation. This leads to water scarcity, to some extent, making it a major limiting factor for agricultural development. In comparison, the southern regions encompass more abundant natural resources, including soil and water, and face fewer constraints imposed by climates. These favorable conditions create better conditions for agricultural development. As a result, rural digital economy development has a more pronounced effect on increasing agricultural eco-efficiency in these areas.
6.4 Endogeneity test
The common endogeneity problems can be categorized into three main aspects: omitted variable bias, reverse causation, and data measurement error. For this paper, firstly, although multiple control variables are selected and two-way fixed effect model is adopted, it is inevitable that other explanatory variables may be omitted, resulting in biased parameter estimates. Secondly, RDED is calculated by the comprehensive index system, and the data itself may have problems such as observation factors and measurement errors. Lastly, there may be a bidirectional causality between RDED and AEE. Specifically, RDED helps to upgrade agricultural technology, transform agricultural production, and ultimately improve AEE. And the increased AEE also means higher comprehensive agricultural production capacity, including the reduction of agricultural machinery emissions and precise control of agricultural pollution, which cannot be separated from the support of digital technology.
Therefore, considering the possible problems above, referring to the available literature (Yang et al., 2023), we select the interaction term of the number of fixed telephones per 100 people in each province in 1984 and the total social fixed asset investment in agriculture, forestry, animal husbandry and fishery in the previous year as the instrumental variable. On the one hand, the traditional post and telecommunications industry is the predecessor of the rural communication industry, while the development of rural digital economy cannot be separated from the construction of information infrastructure, which meets the relevance condition. On the other hand, with the development of emerging communication technologies such as big data and cloud computing, the influence of traditional telecom industry on contemporary economy and society is gradually declining, and it is even more difficult to affect agricultural production. So this satisfies the exogeneity constraint to some extent.
We use two-stage least square (2SLS) to test the model and the results are shown in Table 8 where lnRDED-iv is the instrumental variable. It is evident that the regression coefficient of RDED remains significantly positive at the level of 1%, which indicates that after considering the endogeneity problem, the conclusion that RDED promotes AEE is still robust and reliable. Meanwhile, the LM statistic value is 62.002, corresponding to a p-value of 0, suggesting that there is no under-recognition problem; the Wald statistic value is 73.503, which is greater than the threshold value at the 10% level, illustrating that there is no weak instrumental variable problem. Therefore, it can be considered that the instrumental variable is reasonable.
TABLE 8 | The endogeneity test.
[image: Table showing results from a two-stage least squares (2SLS) regression. The first stage coefficient for lnRDED-iv is 0.134 with a standard error of 8.573. The second stage coefficient for lnRDED is 0.771 with a standard error of 0.237. CV is yes for both stages, with N equal to 341. R-squared values are 0.970 and 0.749, respectively. The LM statistic is 62.00 with a p-value of 0.000, and the Wald statistic is 73.50 with a critical value of 16.38. Statistical significance is marked with asterisks.]6.5 Impact mechanism tests
6.5.1 Mediating effect test
To further examine the intrinsic mechanism of rural digital economy development on agricultural eco-efficiency, this paper investigates the mediating effect of agricultural science and technology investment by applying Eqs 2, 3. The results of the mediating effect test are presented in Table 9.
TABLE 9 | The mediating effect of agricultural science and technology investment.
[image: Regression table with three models displaying the effects of specific variables on lnAEE and lnARD. For lnRDED, coefficients are 0.330, 0.333, and 0.258 with standard errors of 0.106, 0.061, and 0.110. For lnARD, the coefficient is 0.217 with a standard error of 0.101. CV, Province FE, and Year FE are all marked as "Yes". The sample size is 341 for each model. R-squared values are 0.448, 0.864, and 0.457, with adjusted R-squared values of 0.362, 0.843, and 0.370. Statistical significance is denoted by asterisks.]In Table 9, column (2) reveals that the rural digital economy development has a significantly positive effect on agricultural science and technology investment (ARD) at the 1% level of significance. This suggests that the development of the rural digital economy has led to an increase in agricultural science and technology input. Column (3) shows the results of the fixed effects regression model when the agricultural science and technology input is included. The coefficients of RDED and ARD are both significantly positive at the level of 5%. In other words, all else being equal, not only does RDED drive a significant increase in ARD, but also the positive changes of both lead to an increase in AEE, albeit with a decrease in the absolute level of the impact of RDED on AEE. Combined with the results of Column (1) and (3) in Table 9 and after calculating, it can be seen that agricultural science and technology investment partially mediates the impact of rural digital economy development on AEE. The magnitude of the mediating effect is 7.2% (0.330–0.258=0.072), which accounts for 19.7% of the total effect (0.072/0.330=0.219).
The above conclusions verify the correctness of Hypothesis 2. Through the analysis of the above mediating effect model, not only the direct effect of RDED on AEE is tested, but also its mechanism and indirect effect are identified, which enables us to have a deeper understanding of the influencing process of RDED on AEE.
6.5.2 Moderating effect test
The previous sections discuss the influencing mechanism of rural digital economy development on agricultural eco-efficiency. However, is there a synergy between other factors and the development of rural digital economy that will further strengthen or inhibit the improvement of AEE? According to the theoretical analysis, under the condition of improved level of agricultural science and technology innovation (ASTI), RDED has an increasingly positive role in promoting AEE. Therefore, this paper applies Eq. 4 to further reveal the joint influence mechanism of RDED and ASTI on AEE. The estimation results are shown in Table 10.
TABLE 10 | The moderating effect of agricultural science and technology innovation.
[image: Regression table showing estimates for models (1) and (2). Column (1) shows lnRDED: 0.309, lnASTI: 0.297, interaction: 0.125; all significant at p < 0.01. Column (2) shows lnRDED: 0.284, lnASTI: 0.247, interaction: 0.115; all significant at p < 0.01. Standard errors are reported in parentheses. Model (1) has R² of 0.416 and adj. R² of 0.331, while model (2) has R² of 0.478 and adj. R² of 0.392. Both models include province and year fixed effects; model (2) includes control variables. Sample size is 341.]In Table 10, both columns (1) and (2) illustrate that the coefficients of the interaction term between agricultural science and technology innovation and rural digital economy development are significantly positive at the 1% level, regardless of the inclusion of control variables. This suggests that agricultural science and technology innovation has a positive moderating effect. In other words, it strengthens the positive impact of rural digital economy development on agricultural eco-efficiency. Therefore, Hypothesis 3 is supported.
Futhermore, all this implies that while deepening the penetration of digital economy in agricultural fields, we should encourage the innovation of new green agricultural technology as well, such as improved seed breeding, energy saving and emission reduction. Only in this way can we better improve agricultural eco-efficiency and promote sustainable agricultural development.
7 CONCLUSION, POLICY RECOMMENDATIONS AND LIMITATIONS
7.1 Conclusion
This paper utilizes the super-efficiency SBM model and introduces agricultural net carbon sink as one of the expected outputs to measure the agricultural eco-efficiency of 31 provinces in China from 2011 to 2021. Subsequently, the two-way fixed effects model is applied to investigate the impact of rural digital economy development on agricultural eco-efficiency. Additionally, the mediating effect of agricultural science and technology input and the moderating effect of agricultural science and technology innovation are further discussed. The conclusions are drawn as follows:
	(1) The development of rural digital economy significantly promotes agricultural eco-efficiency. In accordance with the results of the two-way fixed effects regression, it is demonstrated that agricultural eco-efficiency tends to increase significantly with the development of the rural digital economy in China. This finding remains robust even after being verified by replacing the explained variable, changing the sample interval, adding control variables and introducing instrumental variables.
	(2) There is significant regional heterogeneity in the impact of rural digital economy development on agricultural eco-efficiency. Specifically, the rural digital economy has a significant driving effect on improving agricultural eco-efficiency in the midwestern regions, while its impact on the eastern region is not fully demonstrated. Additionally, as far as the southern and northern regions are concerned, the positive impact of the rural digital economy development in the southern regions on agricultural eco-efficiency is stronger than that in the northern regions.
	(3) The mediating effect analysis suggests that agricultural science and technology investment partially mediates the impact of rural digital economy development on agricultural eco-efficiency. Furthermore, the mechanism of moderating effect indicates that agricultural science and technology innovation strengthens the promoting effect of rural digital economy development on agricultural eco-efficiency.

7.2 Policy recommendations
Combining the aforementioned research findings with the practical background, this paper proposes the following suggestions to enhance agricultural eco-efficiency and futher facilitate the harmonious advancement of the agricultural economy and ecology:
(1) Consistently promote the construction of digital villages for high-quality agricultural development. The government ought to intensify investment in rural digital infrastructure and vigorously develop the digital industry to empower agricultural modernization. The penetration and integration of the digital economy into all aspects and fields of agriculture is expected to transform the production, operation, and service systems of the agricultural industry. Consequently, this will give rise to novel models of modern agricultural industry, thereby effectively mitigating agricultural carbon emissions and enhancing agricultural eco-efficiency.
(2) Implement diversified green agricultural development strategies based on specific regional realities. It is imperative for the government to encourage localities to adopt differentiated policies depending on the distinctive natural resources and agricultural development levels in various regions. Only in this way can we effectively explore and develop innovative paradigms and approaches for green and sustainable agricultural development.
	(3) Increase investment in agricultural science and technology and establish a sound mechanism for agricultural research funding. The government should take the priority of agricultural and rural development as the premise, and set up a mechanism that ensures stable growth in investment in agricultural science and technology. This aims to gradually increase the proportion of agricultural scientific and technological input in the gross agricultural product to a level that surpasses the industry average. Furthermore, authorities should attach great importance to the construction of agricultural basic and long-term scientific and technological facilities. The establishment of major scientific research platforms, such as national laboratories in the agricultural field, should be given priority. This will strengthen the leading and supporting role of science and technology in agricultural and rural modernization.
	(4) Encourage agricultural science and technology innovation and reinforce basic research on green agriculture. Relevant administrations can use preferential policies, such as tax breaks and fiscal subsidies, to guide individuals and enterprises in strengthening agricultural green technology innovation. It is especially important to promote innovations in new green agricultural technologies, such as agricultural seed cultivation, energy conservation, and emission reduction. These innovations will help reduce the risk and cost of agricultural production, while simultaneously fostering energy conservation and environmental sustainability within the agricultural sector. Additionally, efforts should be made to fortify the transformation and application of scientific research achievements, as well as harness the full potential of science, technology, and digitization to facilitate the high-quality and sustainable development of agriculture, so as to enhance agricultural eco-efficiency.

7.3 Limitations
While this paper provides new empirical evidence on the relationship between rural digital economy development and agricultural eco-efficiency, as well as offers policy recommendations to stimulate the coordinated development of the agricultural economy and rural ecology, there are several limitations that should be acknowledged. Firstly, the measurements of rural digital economy development and agricultural eco-efficiency in this paper are based on China’s provincial-level data. It would be beneficial for future research to incorporate more granular data at the county level for a more accurate analysis. Secondly, this paper only covers three dimensions to measure the level of rural digital economy development. To establish a more comprehensive measurement system, future studies could consider incorporating additional representative indicators that capture the nuances of the rural digital economy. Lastly, the transmission mechanisms between the rural digital economy development and agricultural eco-efficiency need to be further scrutinized to provide more holistic, concrete, and unique recommendations for policymaking.
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This study explores the impact of ESG ratings on corporate performance, focusing on achieving sustainable development and corporate sustainability through innovation within the context of high-quality global economic growth. In recent years, ESG ratings have garnered significant attention in the financial sector, influencing corporate strategy and performance management. While some argue that ESG activities might detract from profitability, others highlight that firms with strong ESG performance can access low-cost capital, thereby enhancing overall performance. Using a sample of China’s A-share listed companies from 2009 to 2021, this research examines the influence and mechanisms of ESG ratings on corporate performance. The findings indicate a significant positive relationship between ESG ratings and corporate performance, which remains robust after rigorous testing. Mediation analysis reveals that ESG ratings improve corporate performance by alleviating financing constraints and enhancing corporate reputation. Furthermore, the performance-enhancing effects of ESG ratings are more pronounced in firms with robust internal controls and private enterprises. This research provides empirical evidence to support stronger ESG investment and the refinement of the ESG rating system.
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1 INTRODUCTION
Under the guidance of high-quality global economic development, how to achieve sustainable development at the corporate level and achieve corporate sustainability based on innovation has become an important topic of concern in academia in recent years (Lozano, 2015; Guo et al., 2024a). In recent years, Environmental, Social, and Governance (ESG) factors have increasingly become essential considerations in corporate operations and investment decisions (Friede et al., 2015). ESG ratings, as a comprehensive assessment method, aim to measure a company’s performance in environmental, social, and governance domains, offering investors and stakeholders a more holistic view of corporate sustainability (Kotsantonis et al., 2016). With the growing societal awareness of corporate social responsibility and environmental consciousness, ESG ratings have garnered widespread attention in the financial sector, playing an increasingly pivotal role in corporate strategy and performance management (Giese et al., 2019). For instance, in the investor decision-making process for businesses, ESG has reshaped the investment philosophies of institutional investors (Clark et al., 2015). Gradually, ESG factors are incorporated into investment decision analyses and behaviors. Institutional investors are more inclined to focus on companies with standout ESG performances (Li et al., 2021; Zhou et al., 2020; Feng et al., 2024). Additionally, ESG advantages can significantly and robustly enhance the likelihood and scale of listed companies’ foreign investments, positively impacting international direct investment (Xie and Lu, 2022). As the importance of ESG grows, an increasing amount of capital flows into ESG-related areas, indicating a long-term trend that compels companies to strengthen their ESG foundations (Hu et al., 2023). In Western markets, ESG investment has become mainstream. According to the official website of the United Nations Principles for Responsible Investment, since the introduction of the “Principles for Responsible Investment (PRI)” in 2006, the number of signatories has increased from 734 in 2010 to 1,384 in 2015 and 5,022 in June 2022, with the signatories managing assets that account for over 50% of the global professional asset management scale.
As the integration of ESG principles into corporate development strategies and operational management gradually strengthens, scholars have conducted extensive theoretical and empirical research on ESG (Tarmuji et al., 2016). Numerous studies have found that good ESG performance helps reduce the cost of equity capital (El Ghoul et al., 2011), debt costs (Goss and Roberts, 2011), alleviates financing constraints (Qiu and Yin, 2019), and assists companies in risk avoidance (Albuquerque et al., 2019). However, the research on the impact of ESG performance on corporate performance has not yet reached a unified conclusion. Most studies have found a positive correlation between ESG ratings and corporate financial performance. Chen et al. (2023), based on data from 3,332 listed companies from 2011 to 2020, found a significant positive correlation between ESG ratings and corporate performance. Wang et al. (2023) also confirmed that a 1% increase in ESG ratings would improve the performance of manufacturing enterprises by 0.124%. Zeng and Jiang (2023) analyzed Chinese agricultural and forestry listed companies and found that ESG ratings have a significant positive impact on corporate performance.
Some studies have compared the impacts of the three dimensions of ESG. Zeng and Jiang (2023) found that social and governance performance have a more substantial effect on improving corporate performance. Baek and Lee (2024) discovered that environmental and social performance can enhance corporate performance, but the impact of governance performance is not significant. Wang and Yang (2023) revealed that environmental, social, and governance performance all help reduce corporate credit risk. Additionally, Yang et al. (2024) pointed out that the impacts of the three dimensions of ESG exhibit a phased nature.
Some research indicates a non-linear relationship between ESG ratings and corporate performance. Yang et al. (2024), based on the corporate life cycle theory, found that the impact of ESG on corporate performance is strongest during the growth stage but may become negative during the decline stage. Gao et al. (2023) also confirmed that there is a U-shaped relationship between ESG ratings and corporate performance. When ESG ratings are low, companies tend to focus on their operational conditions, neglecting long-term investments such as green innovation, leading to a decline in performance. However, when ESG ratings reach a certain level, companies start to emphasize sustainable development, resulting in improved performance.
Existing literature has also explored the moderating factors in the relationship between ESG ratings and corporate performance. On the one hand, the positive impact of ESG ratings on performance is more pronounced for companies that are highly polluting, state-owned, or located in eastern regions (Wang et al., 2023; Zhang et al., 2023). On the other hand, the higher the quality of ESG information disclosure and the greater the analyst attention, the more significant the impact of ESG ratings on corporate performance (Cao et al., 2023; Gao et al., 2023). Additionally, Jin et al. (2023) found that ESG ratings help mitigate the negative impact of the pandemic on the performance of tourism companies.
Previous research has provided valuable insights into the relationship between ESG ratings and corporate performance. However, there are still some academic divisions in understanding this relationship, and many studies have not deeply examined the specific mechanisms through which ESG ratings affect corporate performance, leading to gaps in the logical chain. Future research could further explore the differences in the impact of ESG ratings across various industries and ownership structures, as well as the determinants of ESG information disclosure quality.
Considering the above, this paper embarks from the perspective of ESG as an informal environmental regulation. Using the sample of A-share listed companies in China from 2009 to 2021, it empirically investigates the impact of ESG ratings on corporate performance and its underlying mechanisms. The main contributions of this study are threefold. First, it enriches research on the economic consequences of corporate ESG. By focusing on their ESG performance, companies not only contribute to environmental protection and governance but also foster their own value, promoting their long-term development. Second, it enhances the literature in the domain of corporate performance. While past studies have explored the relationship between ESG ratings and corporate performance without arriving at a consistent conclusion (Li et al., 2018), this paper’s findings deepen the understanding of the relationship between the two. Lastly, it advances the study on the specific mechanisms through which ESG ratings impact corporate performance, deepening the research methodology on how ESG ratings influence corporate outcomes. Empirically, using a comprehensive dataset of listed companies, this study provides solid evidence on the effect of ESG ratings on corporate performance and its causal pathways. Moreover, it extends research on the heterogeneity of companies’ fulfillment of ESG responsibilities. The conclusions of this study highlight the significance of ESG ratings on corporate performance, offering empirical evidence that could guide relevant departments to further enhance ESG investments and refine ESG rating systems. Such insights will assist in steering companies towards a more sustainable and responsible direction, fostering sustainable growth and prosperity in the global economy.
2 THEORETICAL ANALYSIS AND RESEARCH HYPOTHESIS
2.1 The impact of ESG rating on firm performance
The ESG rating represents a company’s performance in three aspects: environmental, social, and corporate governance (Junius et al., 2020). In recent years, ESG factors have evolved from purely moral and ethical considerations to significant factors influencing long-term business performance. As global attention to sustainability issues increases, investors, consumers, and regulators are placing increasing emphasis on corporate ESG performance, making it crucial to understand how ESG ratings impact business performance (Yu and Xiao, 2022).
Firstly, environmental factors are one of the key considerations in ESG ratings, and there is a positive correlation between a company’s environmental management and performance and its financial performance. When companies adopt more environmentally friendly strategies, they often reduce risks associated with environmental compliance (Guo et al., 2024c) and benefit from more efficient resource management, thereby enhancing profitability (Horváthová, 2010). A company that places a high emphasis on the environment may lead in energy efficiency, resource utilization, and innovative product development, thus reducing costs and increasing revenues (Friede et al., 2015). Furthermore, they can avoid fines and litigations due to non-compliance, thereby bolstering confidence among shareholders and investors (Gao et al., 2023).
Secondly, social factors are also a critical consideration in ESG ratings. Social performance involves employee relations, customer satisfaction, and supply chain management. The way a company treats its employees often directly impacts employee loyalty and productivity, thus affecting the company’s long-term performance (Huang and Qiu, 2023). For instance, treating employees well can increase their satisfaction and productivity, thereby reducing employee turnover and recruitment costs (Edmans, 2011). Moreover, establishing healthy relationships with suppliers and communities can lead to better supply chain stability and market reputation, and strong customer relationships and supply chain management can offer a competitive edge, improving market share and profitability (Espinosa-Méndez et al., 2023).
Lastly, ESG ratings require companies to have sound governance structures and transparency. Effective corporate governance mechanisms can enhance decision-making efficiency, leading to better financial performance. There is often a positive relationship between the quality of corporate governance and business performance (Gompers et al., 2003). For instance, an independent board, clear governance guidelines, and transparent financial reporting are all associated with high business performance (Bebchuk et al., 2013). Transparent and fair decision-making processes can not only boost the confidence of internal staff but also attract external investment, creating more growth opportunities for the company (Carnini Pulino et al., 2022).
From the perspective of Schumpeter’s innovation theory and stakeholder theory, when companies proactively fulfill their environmental, social, and governance (ESG) responsibilities, it signifies that these firms are breaking through and innovating beyond traditional development models. They are no longer solely pursuing economic growth. By acting in this manner, companies send trustworthy signals to their stakeholders, potentially reducing transaction costs between the enterprise and its stakeholders and enhancing the firm’s value (Freeman and Evan, 1990).
In general, there is a positive correlation between good ESG ratings and high business performance. This suggests that prioritizing ESG factors is not just a matter of ethics and morality but also pertains to a company’s profitability and competitive edge. Based on this, the following research hypothesis, H1, is proposed:
H1. ESG ratings have a positive impact on business performance.
2.2 ESG rating, financing constraints and firm performance
Financing constraints are difficulties and limitations that enterprises face when obtaining external financing, typically caused by information asymmetry and market imperfections (Song and Deng, 2023). The impact of financing constraints on corporate performance is significant and multifaceted. Firstly, financing constraints limit investment opportunities, preventing firms from fully capitalizing on favorable investment projects, particularly those requiring substantial capital investment, thus potentially causing missed growth opportunities due to insufficient funds (Yu, 2023). Secondly, financing constraints increase financial costs, as firms need to pay higher interest rates or provide more collateral to secure funds, directly impacting profit margins (Hu, 2023). Additionally, financing constraints lead to more conservative business decisions, reducing investment in R&D and market expansion, thereby affecting long-term competitiveness and innovation capabilities (Tang, 2022).
ESG ratings alleviate financing constraints through various channels, thereby enhancing corporate performance. Firstly, a good ESG rating can improve market image and boost the confidence of investors and financial institutions, making it easier for firms to obtain financing in capital markets (Wu, 2023). As investors increasingly emphasize sustainable development performance, firms with high ESG ratings, perceived as lower risk and having better long-term returns, attract more investors and lower-cost capital (Song and Deng, 2023). Secondly, excellent ESG performance reduces information asymmetry, thereby lowering financing costs (Zhou et al., 2022). Comprehensive and transparent ESG information disclosure helps investors and financial institutions better understand the firm’s operational status, reducing the risk premium caused by information asymmetry (Liu, 2023). Additionally, firms with high ESG ratings typically possess better corporate governance structures and risk management capabilities, making financial institutions more optimistic in their credit risk assessments and more willing to offer favorable financing conditions (Yu, 2023). Lastly, ESG ratings improve internal control mechanisms and enhance financial health, thereby alleviating financing constraints (Tang, 2022). Firms with high ESG ratings operate more efficiently and are financially more robust, enhancing their bargaining power in financing negotiations and reducing default risk (Zhang and Liu, 2022).
In summary, this paper proposes the following research hypothesis H2:
H2. ESG ratings can alleviate financing constraints and thereby improve corporate performance.
2.3 ESG rating, corporate reputation and firm performance
Corporate reputation refers to the comprehensive evaluation of a company’s overall image and behavior by the public, customers, employees, investors, and other stakeholders (Belayeva et al., 2021). A good corporate reputation has a significant impact on corporate performance. Firstly, corporate reputation can enhance customer loyalty and attract new customers, thereby increasing sales revenue and market share (Liu, 2022). Customers are more willing to purchase and support products and services from companies with a good reputation because they believe these companies can provide high-quality products and excellent services (Kim and Li, 2021). Secondly, a good corporate reputation helps attract and retain talented employees. Employees are more willing to work for companies with a good reputation, which not only increases their job motivation and productivity but also reduces the costs of recruitment and training (Huang and Qiu, 2023). Additionally, corporate reputation can boost investor and financial institution confidence, making it easier for companies to obtain financing in capital markets, thereby reducing financing costs and improving financial performance (Zhan, 2023).
ESG ratings can enhance corporate reputation in several ways, thereby promoting improved corporate performance. Firstly, good ESG performance can highlight a company’s efforts and achievements in environmental protection, social responsibility, and corporate governance, helping to establish a positive image among the public and stakeholders (Chen and Shen, 2022). Consumers and investors increasingly value sustainable development performance, and companies with high ESG ratings are perceived as more responsible and reliable, making it easier to gain public trust and support (Gao et al., 2023). Secondly, companies with high ESG ratings are typically more transparent in information disclosure, able to convey ESG information accurately and promptly to stakeholders, reducing information asymmetry and enhancing corporate credibility and transparency (Odriozola and Baraibar-Diez, 2017). Furthermore, good ESG performance can improve employee satisfaction and loyalty, strengthen internal cohesion and commitment, making employees more willing to contribute to the company’s long-term development (Landi and Sciarelli, 2019). Lastly, companies with high ESG ratings have greater attractiveness and competitiveness in capital markets, attracting more investors and lower-cost capital, further enhancing financial performance and market position (Aouadi and Marsat, 2018).
In summary, this paper proposes the following research hypothesis H3:
H3. ESG rating can improve corporate performance by enhancing corporate reputation.
3 DATA, VARIABLES, AND ESTIMATION STRATEGY
3.1 Estimation strategy
Based on previous studies (Chen et al., 2023), this paper constructs the following model to test the relationship between ESG rating and firm performance, considering that firm and year factors may affect the regression results.
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In Formula 1, subscript i is the enterprise and t is the year. ROA represents firm performance, ESG represents ESG ratings, and X represents control variables. For the company fixed effect, for the time fixed effect.
To further empirically examine whether financing constraints and corporate reputation are the pathways through which ESG ratings affect corporate performance, drawing on the research of Guo et al. (2024b), this paper establishes the following mediation effect model:
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Formula 2 is the same as Formula 1. In Formula 3, 4, the middle term refers to the mediating variables such as financing constraints (KZ) and corporate reputation (Rep).
3.2 Variable selection
3.2.1 Dependent variable
The dependent variable in this study is firm performance (ROA). Generally, scholars tend to use metrics such as return on assets and net profit margin from sales to measure it. Drawing upon the research of Wang et al. (2022), this paper employs the total asset return rate to gauge firm performance. Additionally, for robustness, this study recalibrates firm performance using the net profit margin from sales in the robustness tests.
3.2.2 Key independent variable
The core explanatory variable of this paper is the ESG rating (ESG). Drawing from the research of Cai et al. (2023), this study utilizes the annual ESG rating data published by the Wind database, specifically the Huazheng ESG ratings, as the measure for corporate ESG performance. The Huazheng ESG ratings are categorized from highest to lowest as AAA, AA, A, BBB, BB, B, CCC, CC, C. In this paper, these ratings are assigned values from 9 to 1, respectively, to quantify the ESG performance. A higher score indicates better ESG performance of the company.
3.2.3 Mediating variable
The mediating variables in this article are financing constraints (KZ) and corporate reputation (Rep). Drawing from the research of Yang and Shen (2020), we adopt the KZ index as the measure for financing constraints. A higher KZ index indicates more severe financing constraints. Moreover, inspired by the studies of Guan and Zhang (2019), this article comprehensively considers the evaluations of various stakeholders regarding corporate reputation. We select 12 evaluation indicators for corporate reputation: company size, market share, level of advertising expenditure, capability for sustainable development, years since listing, beta coefficient, corporate nature, net debt ratio, long-term debt ratio, return on total assets, price-to-book ratio, and Tobin’s Q. We employ factor analysis to compute the reputation score based on these 12 indicators. A higher score implies a better corporate reputation.
3.2.4 Control variables
According to the existing literatures, this paper selects factors at the firm level, such as cash-to-assets ratio (con1), fixed assets ratio (con2), board independence (con3), growth rate of operating income (con4), enterprise size (con5), integration of two jobs (con6), as the control variables of the main regression model. To eliminate the influence of heterogeneity factors on firm performance. The main variables selected to perform this study are shown in Table 1 below.
TABLE 1 | Variable definitions.
[image: Table listing variables, symbols, and definitions. Variables: Enterprise performance, ESG rating, Cash assets ratio, Fixed assets ratio, Board independence, Revenue growth rate, Enterprise scale, Dual function. Symbols: ROA, ESG, con1, con2, con3, con4, con5, con6. Definitions describe ratios and calculations, such as corporate profit over total assets and conditions for dual function.]3.3 Sample selection and data source
This paper takes the financial data of China’s A-share listed companies from 2009 to 2021 as research samples to study the impact of ESG rating on corporate performance. Before the empirical analysis, this paper processed the initial data as follows: 1) Remove the delisted and non-operating enterprises, and remove the samples of ST and *ST companies; 2) Excluding financial industry samples; 3) Remove the missing value of the main variable; 4) In order to avoid the influence of extreme values, winsor2 command in Stata17.0 was used to indent all continuous variables at the 1st and 99th percentiles, and 28,773 sample observations were finally obtained. The data in this paper are mainly from Wind and CSMAR databases. Table 2 shows descriptive statistics of the main variables.
TABLE 2 | Descriptive statistics.
[image: Table showing descriptive statistics for various variables: ROA, ESG, con1, con2, con3, con4, con5, and con6. Each variable has 28,773 observations. Statistics include Mean, Standard Deviation (SD), Median, Minimum (Min), and Maximum (Max). For example, ROA has a mean of 0.0429, SD of 0.0580, median of 0.041, min of -0.229, and max of 0.200. Data for other variables follow the same format.]4 EMPIRICAL RESULTS
4.1 Regression results
Table 3 presents the benchmark regression results of ESG ratings on firm performance. In column (1), without controlling for firm fixed effects, year fixed effects, and additional control variables, the coefficient of ESG rating is 0.0051, significant at the 1% level. In column (2), after controlling for these factors, the coefficient of ESG rating is 0.0044, also significant at the 1% level. These results indicate a significant positive impact of ESG ratings on firm performance, supporting the hypothesis H1 that ESG ratings can enhance firm performance.
TABLE 3 | Benchmark regression.
[image: Regression table showing two models for ROA. Model 1 has significant ESG at 0.0051 with 0.0004 standard error. Model 2 has significant ESG at 0.0044 with 0.0004 standard error, including other significant variables. Observations total 28,773 for both models. R-squared values are 0.3739 and 0.3991, respectively. Significance is denoted by asterisks.]4.2 Robustness test
4.2.1 Replace the explained variable
Drawing inspiration from the research by Wang and Yang (2022), this study adopts the net sales profitability (ROA2) to re-evaluate corporate performance and conducts a regression again. The regression results are shown in column (1) of Table 4, with the coefficient of ESG at 0.0137, significant at the 1% level. This suggests that ESG ratings can still effectively enhance corporate performance, consistent with the conclusions earlier in the paper, indicating the robustness of our findings.
TABLE 4 | Robustness test.
[image: A table displays statistical results across three models labeled ROA2 and ROA. Variables include L.roa, ESG with significant values of 0.0137, 0.0030, and 0.0051, and ESG_DID in the second model. Control, Firm_FE, and Year_FE are all marked as fixed effects. Observations range from 24,628 to 28,773, and r-squared values are 0.3537 and 0.3962. Note states significance at 10%, 5%, and 1% levels.]4.2.2 Difference-in-differences (DID) model test
To better mitigate endogeneity issues, this paper employs a multi-period difference-in-differences model to build a quasi-natural experiment for regression. Drawing from the studies of Hu et al. (2023) and Tan and Zhu (2022), we re-construct the core explanatory variable (ESG_DID) based on the ESG ratings data from Shangdao Ronglu. In 2015, Shangdao Ronglu began evaluating ESG for constituents of the CSI 300 Index and released an ESG rating index. Subsequently, with the increasing disclosure of ESG information by listed companies, more and more companies have been incorporated into Shangdao Ronglu’s ESG rating system, covering 1043 listed companies by 2020. This ESG rating data facilitated the construction of treatment and control groups in the multi-period DID. Specifically, if Shangdao Ronglu releases rating data for company i in year t, it belongs to the treatment group with ESG_DID = 1; otherwise, it's categorized as the control group with ESG_DID = 0. The regression results, as shown in column (2) of Table 4, indicate a coefficient of 0.0030 for ESG_DID, significant at the 5% level. Although the magnitude and significance of the coefficient have decreased slightly, it still shows that ESG ratings can enhance corporate performance, further validating the robustness of the baseline regression conclusions.
4.2.3 GMM regression
To further effectively mitigate the endogeneity issues in this study, we employ the efficient System GMM method, using the first lag of the ESG rating as an instrumental variable for the ESG rating to conduct the regression again. The regression results are displayed in column (3) of Table 4, with the coefficient of ESG at 0.0051, significant at the 1% level. This result also suggests that ESG ratings can effectively enhance corporate performance. The conclusions of this research still hold.
4.3 Mediation effect analysis
4.3.1 ESG ratings, financing constraints, and corporate performance
With financing constraints as the mediating variable, a regression was performed on the mediation effect model, and the results are presented in Table 5. The column (2) displays the regression results corresponding to Equation 3. The coefficient of ESG is −0.0673, significant at the 1% level. This indicates that ESG ratings can significantly alleviate the financing constraints faced by firms, effectively easing the financial stress of enterprises. Column (3) represents the regression results corresponding to Equation 4, where the coefficient of ESG is 0.0034 and the coefficient of KZ is −0.0122; both are significant at the 1% level. It can be observed that ESG ratings have a significant positive impact on corporate performance. Furthermore, ESG ratings can enhance corporate performance by alleviating financing constraints. This validates the research hypothesis H2.
TABLE 5 | Mediation effect analysis 1.
[image: Table displaying regression results across three models labeled (1) ROA, (2) KZ, and (3) ROA. The ESG variable shows coefficients of 0.0044*** for (1), negative 0.0673*** for (2), and 0.0034*** for (3). The KZ variable has a coefficient of negative 0.0122*** for (3). Control, Firm_FE, and Year_FE are included in all models. Observations number 28,773 in (1), and 26,073 in both (2) and (3). Adjusted R-squared values are 0.3991, 0.7100, and 0.4882 for models (1), (2), and (3), respectively. Significance denoted by asterisks at 0.1%, 5%, and 1% levels.]4.3.2 ESG ratings, financing constraints, and corporate performance
With corporate reputation as the mediating variable, a regression was performed on the mediation effect model, and the results are showcased in Table 6. Column (2) presents the regression results corresponding to Equation 3. The coefficient of ESG is 0.0073, significant at the 10% level. This suggests that ESG ratings can notably enhance a company’s reputation, effectively disseminating positive information about the company. Column (3) displays the regression results corresponding to Equation 4, where the coefficient of ESG is 0.0011 and the coefficient of KZ is 0.0468; both are significant at the 1% level. It can be observed that ESG ratings have a significant positive impact on corporate performance. Moreover, ESG ratings can elevate corporate performance by enhancing its reputation. This confirms the research hypothesis H3.
TABLE 6 | Mediation effect analysis 2.
[image: Table comparing three models with dependent variables roa, Rep, and roa. ESG coefficient shows significance in all models: 0.0044***, 0.0073*, and 0.0011***, with p-values in parentheses. Rep is significant in the third model. Control, Firm_FE, and Year_FE are consistently applied. Observations vary: 28,773, 16,016, and 13,907 with adjusted R-squared values of 0.3991, 0.9068, and 0.6884. Significance levels are denoted by *, **, and *** for 10%, 5%, and 1%, respectively.]4.4 Heterogeneity analysis
4.4.1 ESG rating, internal controls, and corporate performance
Internal control represents a set of systems and processes that enterprises use to ensure compliance, mitigate risks, and enhance governance efficiency. Robust internal control contributes to excellent performance in the ESG domain. For instance, effective internal controls can ensure that enterprises accurately report environmental and social performance, adhering to relevant regulations and standards. Moreover, sound internal control also helps enhance an enterprise’s economic and social performance, facilitating comprehensive business growth and sustainable development (Ioannou and George, 2015). As a result, it is anticipated that robust internal controls can amplify the positive impact of ESG ratings on corporate performance. To verify this hypothesis, drawing from the research by Li et al. (2022a), this paper uses the natural logarithm of the internal control index (incremented by one) from the Debo database to measure the quality of internal controls of listed companies and further conducts a grouped regression. Specifically, companies with an internal control index exceeding the industry average are considered to have robust internal controls, while others are viewed as not having robust controls. The regression results are shown in Table 7. Column (1) presents the regression results for enterprises with robust internal controls, where the coefficient of ESG is 0.0022, significant at the 1% level. Column (2) displays the regression results for enterprises without robust internal controls, where the coefficient of ESG is 0.0010, though not significant. It can be observed that the ESG rating has a more pronounced positive impact on the performance of enterprises with robust internal controls, validating the aforementioned hypothesis.
TABLE 7 | Applicability analysis.
[image: Table showing regression results for four models with the dependent variable ROA. ESG coefficients are 0.0022, 0.0010, -0.0001, and 0.0058, with standard errors in parentheses. Control, Firm_FE, Year_FE are all indicated as YES. Observations range from 5,555 to 19,697. Adjusted R-squared values are 0.4970, 0.2434, 0.4462, and 0.3996. Statistical significance is denoted by *, **, and *** at 10%, 5%, and 1% levels respectively.]4.4.2 ESG rating, property rights, and corporate performance
Under different ownership structures, corporate governance and business decisions are influenced to varying extents. For instance, privately-owned enterprises usually place more emphasis on market-oriented operations and the pursuit of short-term profits, while state-owned enterprises might be more influenced by government policies and social responsibilities, paying less attention to corporate performance (Megginson and Netter, 2001). Therefore, it is expected that in state-owned enterprises, the positive effect of ESG ratings on corporate performance may no longer be evident. To validate this hypothesis, the overall sample was divided into state-owned and privately-owned enterprise samples for grouped regression analysis. The regression results are shown in Table 7. Column (3) presents the regression results for state-owned enterprises, where the coefficient of ESG is −0.0001, though not significant. Column (4) displays the regression results for privately-owned enterprises, where the coefficient of ESG is 0.0058, significant at the 1% level. It can be observed that the ESG rating has a more pronounced positive impact on the performance of privately-owned enterprises, validating the aforementioned hypothesis.
5 DISCUSSION
The results of this study indicate a significant positive correlation between ESG ratings and the performance of Chinese A-share listed companies. This finding is consistent with previous research (Yu and Xiao, 2022). Specifically, companies with high ESG ratings exhibit superior financial performance and market competitiveness. Empirical analysis reveals that ESG ratings enhance corporate performance by improving corporate reputation and optimizing financing conditions. Firstly, good ESG ratings help elevate a company’s reputation among investors and consumers, thereby attracting more investments and increasing market share. Secondly, superior ESG performance enables companies to secure financing at lower costs, reducing financial risks. Moreover, our study reveals that ESG ratings have a more pronounced impact on the performance of companies with strong internal controls and private enterprises, indicating that robust internal control mechanisms effectively promote adherence to ESG principles, thereby enhancing overall corporate performance.
The benchmark regression analysis uncovers the direct impact of ESG ratings on corporate performance, carrying significant implications. Firstly, it demonstrates that focusing on environmental, social, and governance (ESG) factors alongside financial goals can yield substantial financial returns. This finding supports the stakeholder theory, which posits that by addressing the needs of various stakeholders, companies can achieve better financial performance (Zhu et al., 2023). Secondly, this result underscores the critical role of policymakers and regulatory bodies in promoting corporate sustainability. By establishing and implementing effective ESG standards and policies, they can encourage companies to enhance their ESG performance, creating a win-win situation (Li et al., 2022b). Furthermore, the findings from the benchmark regression analysis offer valuable insights for investors. Companies with high ESG ratings not only possess stronger market competitiveness and lower financing costs but also provide more stable returns for investors (Wu et al., 2022).
The findings of the mechanism examination reveal the intrinsic mechanisms through which ESG ratings impact corporate performance, underscoring their profound significance. Firstly, research indicates that ESG ratings enhance corporate performance by improving corporate reputation (Gao et al., 2023). A good corporate reputation not only strengthens the trust of customers and investors but also attracts high-quality employees, boosting their loyalty and work enthusiasm, thereby enhancing overall corporate efficiency and innovation capacity (Huang and Qiu, 2023). This further suggests that in the process of improving ESG ratings, companies should emphasize transparency and information disclosure, enabling stakeholders to fully understand their efforts and achievements in environmental, social, and governance areas (Albitar et al., 2020). Secondly, the mechanism examination results show that ESG ratings improve corporate performance by optimizing financing conditions (Song and Deng, 2023). Specifically, companies with high ESG ratings are typically able to secure financing at lower costs, primarily because these companies are viewed as lower-risk and more stable (Hou, 2023). The reduction in financing costs not only helps alleviate financial pressure and increase profit margins but also provides more capital to support corporate development and expansion (Zou, 2023). This finding holds significant implications for corporate management and financial institutions; corporate management should actively promote ESG practices to secure more favorable financing conditions, while financial institutions should emphasize ESG performance as a key indicator in assessing corporate credit risk (Michalski and Low, 2021). However, we must interpret these results with caution. Firstly, these mechanisms may exhibit different effects across various types of enterprises and industries. For instance, in certain high-risk industries, the impact of ESG ratings on financing costs may not be as significant as in other industries (Bin-Feng et al., 2024). Secondly, enterprises of different scales and structures may face distinct challenges and opportunities when implementing ESG strategies (Chen and Shen, 2022). Therefore, future research should further explore the applicability and effectiveness of these mechanisms in different contexts. Overall, the mechanism examination results of this study provide new perspectives for understanding how ESG ratings influence corporate performance, while also offering practical guidance for companies in formulating and implementing ESG strategies (Gao, 2023). Nevertheless, to comprehensively verify the universality and robustness of these mechanisms, more empirical research and cross-industry comparative analyses are needed to ensure that our conclusions hold in a broader context (Liu, 2023).
The findings from the heterogeneity analysis reveal the differential impact of ESG ratings on the performance of various types of firms, highlighting profound implications. Firstly, research indicates that ESG ratings have a more significant impact on the performance of companies with strong internal controls and private enterprises. For companies with robust internal control mechanisms, the implementation of ESG practices is more standardized and effective, allowing these firms to better adhere to ESG guidelines and thereby enhance overall performance (Yu and Xiao, 2022). This finding emphasizes the critical role of internal control in achieving corporate sustainability goals and suggests that companies should focus on building and improving their internal control mechanisms when formulating and implementing ESG strategies (Liu, 2023). Secondly, private enterprises demonstrate greater flexibility and efficiency in adopting and implementing ESG strategies, making the positive impact of ESG ratings on their performance more pronounced. Private enterprises typically have faster decision-making processes and higher execution capabilities, enabling them to swiftly respond to market demands and environmental changes, effectively implement ESG strategies, and achieve corresponding performance improvements (Billio et al., 2021). This result provides important insights for the management of private enterprises, indicating that enhancing ESG practices not only helps improve corporate social responsibility and market image but also brings substantial financial returns (Limkriangkrai et al., 2017).
The results further underscore the pivotal role of ESG ratings in contemporary corporate management and strategic decision-making. ESG ratings are not only crucial indicators of corporate sustainability but also key factors in assessing long-term success and market competitiveness. This is particularly relevant in today’s economic environment, where businesses face increasing challenges in social responsibility and environmental sustainability. The study indicates that companies effectively integrating ESG standards into their business strategies are more likely to achieve long-term financial and market success. This not only guides corporate management in formulating long-term strategies but also provides valuable indicators for investors to assess a company’s potential. Hence, businesses should place greater emphasis on ESG ratings as essential tools for enhancing corporate value and social responsibility.
6 CONCLUSION
6.1 Conclusion
In recent years, with the rise of the high-quality development orientation of the global economy, the focus on sustainable development and innovation at the corporate level has become a research hotspot in academia. ESG ratings, as a comprehensive evaluation method, aim to measure a company’s performance in the fields of environment, social, and governance, offering investors and stakeholders a more comprehensive view of corporate sustainability. Through empirical research on Chinese A-share listed companies from 2009 to 2021, this study finds that ESG ratings have a positive impact on corporate performance, a conclusion that remains valid after robustness checks. Good ESG performance can not only reduce the cost of equity capital, debt costs, and financing difficulties but also helps enterprises avoid risks. Although past research on the impact of ESG performance on corporate performance has been divided, the results of this study support the positive role of ESG in enhancing corporate performance. In the analysis of the impact mechanism, this article found that ESG ratings could promote an improvement in corporate performance by alleviating financing constraints and enhancing corporate reputation. By focusing on ESG performance, enterprises not only strengthen their financing capabilities but also earn a good reputation, thereby achieving a higher return on investment and performance level. Furthermore, the study also found that the performance-enhancing effect of ESG ratings is more pronounced for companies with robust internal controls and private enterprises.
6.2 Policy suggestion
Based on the findings of this study, we propose the following policy recommendations to further promote corporate practices in environmental, social, and governance (ESG) aspects, thereby enhancing overall performance. Firstly, governments and regulatory agencies should establish stricter and clearer ESG standards, develop unified assessment standards and indicator systems, and set corresponding compliance requirements for different types and sizes of enterprises. These standards should be regularly reviewed and updated to adapt to market and environmental changes. Implementing mandatory policies and regulations can compel companies to prioritize ESG performance, thereby improving their market competitiveness and financial performance.
Secondly, enhancing the transparency and accuracy of ESG information disclosure is crucial. Regulatory agencies should require companies to regularly disclose their performance in environmental, social, and governance areas, providing standardized disclosure formats and templates to facilitate comparison and evaluation by investors and stakeholders. Additionally, the supervision and auditing of ESG information disclosure should be strengthened to ensure the authenticity and completeness of the information, thereby reducing information asymmetry.
Thirdly, encouraging companies to establish robust internal control mechanisms and providing appropriate guidance and support is essential. Governments can develop guidance manuals and training materials to help companies understand and implement effective internal control measures. They can also establish dedicated consulting service agencies to provide customized advice on building internal control systems, ensuring these mechanisms are effectively implemented, thereby enhancing the ESG performance and overall efficiency of companies.
Furthermore, providing ESG investment incentives to reduce corporate investment costs is necessary. Specific measures include offering tax reductions, subsidies, and green loans to companies that meet ESG standards, encouraging investments in environmental protection, social responsibility, and corporate governance. Governments can also establish special funds to support companies in carrying out ESG-related projects and technological innovations, promoting continuous improvement and development in the ESG field.
Promoting ESG education and training is another crucial step. Governments and relevant institutions should regularly organize ESG-themed seminars, training sessions, and promotional activities to help corporate management and employees understand the specific requirements and implementation methods of ESG standards. Collaborations with universities and research institutions can be pursued to develop ESG-related courses and materials, enhancing corporate knowledge and practical abilities in ESG.
Finally, supporting in-depth research and innovation projects on the relationship between ESG and corporate performance is vital. Governments can encourage academic and corporate sectors to explore the best ESG practices by funding research projects and establishing research awards. By promoting scientific research and technological innovation, policymakers can obtain more precise decision-making bases to formulate more effective ESG policies and measures.
Through these specific policy recommendations, governments and regulatory agencies can effectively promote corporate ESG performance, drive sustainable development, and contribute to high-quality global economic growth and prosperity.
6.3 Limitations and future directions
This study has several limitations. The sample is confined to companies listed on the Chinese A-share market, which may not fully represent firms in other markets or regions. Additionally, not all potential variables influencing ESG ratings and corporate performance were considered. Although various control variables were included, there may still be unmeasured factors affecting the results. Furthermore, the ESG rating data used in this study were sourced from third-party rating agencies, which may pose issues related to data quality and rating consistency. Different rating agencies may use varying standards and methodologies for ESG evaluation, potentially impacting the findings.
To address these limitations, future research could validate the findings of this study across different markets and regions to assess the generalizability and external validity of the impact of ESG ratings on corporate performance. Incorporating more potential influencing factors, such as corporate culture, governance structure, and market competition, would provide a more comprehensive understanding of the mechanisms through which ESG ratings affect corporate performance. Additionally, exploring the evaluation standards and methodologies of different rating agencies could enhance the consistency and reliability of ESG data. Conducting longitudinal studies over more extended periods could also reveal the long-term effects of ESG ratings on corporate performance. Furthermore, examining the impact of ESG ratings across various industries and ownership structures would shed light on the unique effects of ESG ratings on different types of firms. Through these efforts, future research will offer more robust theoretical foundations and empirical evidence to support businesses, investors, and policymakers.
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Profit maximization is crucial for both producers and customers in power grids, particularly in deregulated energy markets. By focusing on profit maximization measures, power grids can improve economic viability and sustainability for all stakeholders. The growing demand for electricity in modern civilization poses a significant challenge to the power grid’s ability to meet it. To address these difficulties, the power industry is attempting to integrate renewable sources into existing power facilities. Because of its unpredictable character, the presence of renewable energy in the electricity system becomes increasingly important and adds complexity to the grid. Given the intermittent nature of renewable sources, an energy storage device is required in this scenario. During the low-power use phase, the grid has ample power. Meanwhile, energy storage devices can be utilized to store extra power in the low power demand phase while maintaining the safety and stability of the power network during peak demand periods. V2G (Vehicle-to-Grid) technology is commonly employed to address the uncertainty of renewable resources while maintaining system stability. By using automobiles as transportable storage devices, V2G can make the best use of excess electricity during low-energy hours. Wind energy’s volatility causes imbalances, lowering system profitability. With wind energy integration, power system profitability can be improved by analyzing uncertainties and employing mitigation strategies. To overcome the issue, the research optimizes the use of V2G and TCSC (thyristor-controlled series compensator). V2G permits bidirectional power flow, lowering imbalance pricing (IP) while considering power demand. TCSC can increase the transient stability of transmission lines, hence reducing line faults. TCSC’s involvement in the system increases profitability by lowering congestion expenses. Strategic TCSC placement increases overall profitability. The approach strives to offer efficient, environmentally friendly power at a reasonable price while addressing the needs of both power providers and customers. This study also looks into the effects of V2G mixing on voltage stability, LMP (locational marginal price), and the effectiveness of a TCSC in a deregulated electrical system. MiPower software is used to simulate operation and find the optimal placement of the storage unit within the IEEE 14-bus system.
Keywords: deregulated system, wind power, vehicle-to-grid, thyristor-controlled series compensator, system profit, imbalance price

1 INTRODUCTION
The thermal power plant is regarded as the principal source of electricity generation. This power plant requires a lot of fossil fuel for combustion. Fossil fuels emit massive amounts of CO2, causing global warming (Chauhan et al., 2021). This urges world leaders to integrate renewable energy sources, which will decrease the depletion of nonrenewable resources (Latif et al., 2020). Wind power is often regarded as one of the most efficient renewable energy sources due to its multiple advantages and possible applications (Dey et al., 2020). Gamel and Sultan (2023) emphasized wind energy as a cost-effective and fast-growing technology that contributes to resource conservation, rural power system enhancement, and carbon emission reduction. Nonetheless, because renewable sources are not dispatchable, energy storage facilities are required to retain any excess energy generated during low-demand periods (Hussain et al., 2020a). This stored energy can then be used during peak demand. Choosing the best location for renewable sources and energy storage facilities is critical to maximizing the system’s profits. To maximize economic value, the power environment is shifted from regulated to competitive (Das A. et al., 2022a). The deregulated system refers to an environment in which competitive power exists. In a regulated system, the consumers have no choice as it is a monopoly type of system where all the laws and rules are set by the government and no private bodies can be involved. This results in the electricity system being dominated by a single company. The absence of choice has led to an increase in the burden for consumers. However, the deregulation environment has provided them with a beneficial option. In a competitive electrical system, customers have the freedom to select their power producers based on both production cost and quality (Farooq et al., 2022). The power generating companies try to provide the best quality and pricing. The incorporation of wind farms is crucial to alleviate the burden on thermal power plants. The volatile nature of wind plants is challenging when combined with thermal power plants, as it can result in system instability and security concerns. To address this issue, V2G technology can be employed to support the electrical grid during periods when renewable energy sources are not accessible (Nsonga et al., 2017).
Wind power offers numerous advantages in the power sector, making it a valuable renewable energy source. It is the cleanest form of electricity, contributing significantly to reducing greenhouse gas emissions (Choubey, 2019; Das et al., 2023). The expansion of wind power, along with solar PV, is crucial for reducing emissions, requiring increased power sector flexibility through geographical balancing and electricity storage (Zietsman et al., 2022). Countries like China, India, and Brazil are aggressively adopting wind energy to improve their energy matrices, with China being the largest producer of wind power globally. Wind power presents a feasible solution to electricity problems, especially in regions with high wind density like coastal areas (Ma et al., 2015). Wind power exhibits an unpredictable and stochastic nature due to the variability and uncertainty associated with wind characteristics, impacting power system operations significantly (Barik et al., 2021).
Energy storage incorporation in power systems can effectively store and manage energy for various applications, enhancing overall system performance and reliability (Thakre et al., 2023; Tappeta et al., 2022). The V2G concept involves electric vehicles (EVs) interacting with the power grid to provide services like returning electricity to the grid or regulating its power, benefiting car owners, power firms, aggregators, and society (Mojumder et al., 2022). Ustun et al. (2021) focuses on optimizing charging and discharging control algorithms to maximize system stability while meeting constraints within the V2G system. The transition to electric vehicles is driven by factors like global warming awareness and the need to reduce carbon footprints, leading to the exploration of V2G technology where parked vehicles can generate electricity for the grid, potentially offsetting parking costs (Naja et al., 2023). The vehicle-solar-grid (VSG) integration concept utilizes solar inverters and EV batteries to provide ancillary services to the grid, demonstrating practical implementation and revenue generation possibilities (Nguyen et al., 2023). This technique is a component of an intelligent power grid (smart grid) that utilizes information technology to regulate energy usage. The benefits of EVs are two-fold. To begin with, the ability to charge in both directions and engage in V2G interactions enables the enhancement and intelligent scheduling of a building’s energy management system without the need for massive construction, hence avoiding significant capital costs. Secondly, bidirectional charging reduces operational electricity expenses.
The paper (Bilal et al., 2023) deliberates on the technical and economic feasibility of grid and renewable-powered energy systems for electric vehicle charging stations in India, with an emphasis on lowering prices and guaranteeing power supply stability. Jirdehi and Tabar (2023) focuses on establishing the best allocation of battery charging and swapping stations combined with wind and solar units to minimize overall cost and voltage variation in the long-term growth planning of EV infrastructures. A unit commitment model for a V2G system connected to a smart power grid has been considered with varying degrees of plug-in electric vehicle (PEV) penetration in Egbue et al. (2022). The model combines regulated charging and discharging, as well as accounting for battery deterioration, and demonstrates that efficient scheduling of PEVs reduces generating costs while leveling the load profile. By combining EVs and other distributed energy resources, the research (Armaghan et al., 2023) suggests a short-time optimization technique to improve a smart distribution network’s resilience during inclement weather. Different EV kinds, management programs, and uncertainties such as EV mobility, state of charge, arrival/departure time, and weather-related problems are all taken into consideration by the technique. The basic goal of this proposition is to make it easier to provide electricity to thermal power plants at considerably lower prices while also maximizing the multiple benefits that society stands to gain from this novel method (Abdolrasol et al., 2021). During an emergency, the use of local resources to meet local power demands can have a significant influence. Plug-in electric vehicles (PEVs) can generate portable power, while distributed generators (DGs) such as solar panels or wind farms can also provide electricity (Hussain et al., 2020b). Shehata et al. (2022) introduced AG-PSO-GWO, a novel combination of heuristics used in a multi-objective framework. The primary purpose of this technique is to optimize the positioning of FACTS controllers in power grids to reduce active power system losses, voltage variation, and total operating expenses. Basu et al. (2023) proposed an optimization technique to find the best site and parameter configurations for TCSC in a deregulated electricity market. The usage of TCSC was designed to resolve issues raised during the installation of wind turbines in the system. Dawn et al. (2023) proposed a profit expansion scheme by optimal placement of TCSC in the presence of disequilibrium price.
The authors (Singh and Jaiswal, 2021; Das S. S. et al., 2022) demonstrated how TCSC can increase the transient stability of transmission lines and Available Transfer Capability (ATC). The system’s overall damping torque can be increased by strategically putting TCSC controllers in power networks, such as on certain transmission lines, resulting in improved transient stability and fewer oscillations (Pereira et al., 2022; Nkan et al., 2023). Duana et al. (2023) describes initialization-free distributed algorithms for economic dispatch problems in microgrids. They also present techniques for modeling economic dispatch as distributed optimization problems, which ensure finite-time convergence without requiring a specific setup. A multilayer optimization technique for the daily scheduling of combined heat and power (CHP) units with integrated electrical and thermal storage takes into account a variety of elements to improve system efficiency, as stated by Hamoudi et al. (2023). A novel COVID-19-based optimization algorithm is created in Safiullah et al. (2022) for a hybrid microgrid to reduce system disturbances in a dynamic dispatch problem. The microgrid includes various traditional power sources, renewable energy, and energy storage batteries, all following supply-demand balance, capacity, and ramp-rate constraints. An adaptive and lightweight defect detection model called DGNet is proposed in Lei et al. (2023) to reduce costs and enable real-time detection with limited computing resources. The model includes an adaptive lightweight backbone network and a feature fusion network to maintain accuracy while reducing parameter redundancy. A regulation operation framework for PEV aggregator is proposed in Hou et al. (2017). PEVs can offer regulation services while charging. The objective function accounts for the impact of regulation services on PEV battery charging energy and system constraints. It aims to maximize aggregator earnings. An algorithm is suggested for scheduling PEVs by the aggregator. Hu et al. (2024) introduces a new method for optimizing the daily scheduling of combined heat and power units by integrating electrical and thermal storage systems while considering security constraints.
The developed Hyperparameter Bayesian Optimization of Gaussian Process Regression is applied to an asymmetric double-star induction generator (Hamoudi et al., 2023). Experimental analysis shows its effectiveness in autonomous wind energy conversion systems under varying magnetizing inductance even with the lack of a speed sensor wind turbine gearbox and bearing faults. The study (Amir et al., 2023) identifies potential technologies, operational frameworks, comparison analysis, and practical characteristics. The study offers valuable information on global economic effects, global environmental effects, organization resilience, key challenges, and energy storage technology projections. An optimally tuned gated recurrent unit neural network-based state of health estimation scheme is suggested in Rao et al. (2024) for estimating the state of health in lithium-ion batteries which are widely used in EVs and V2G systems. To estimate health parameters, a vast quantity of data, such as voltage, current, and temperature, is gathered. The data is resampled using the superior Fourier Resampling method and then fed to a machine-learning algorithm. The study (Nadeem et al., 2019) discusses how communication technologies different standards, and protocols can be utilized to integrate distributed energy resources, including EVs.
Several researchers have already studied risk management, however, this study addresses certain crucial issues that have not been addressed before. Table 1 summarizes the research and technological gaps discovered in the literature.
TABLE 1 | Summarization of the research and technological gaps from the literature.
[image: A table with three columns titled "Ref.," "Scope," and "Limitations." It lists various studies and highlights their focus and shortcomings. For instance, Chauhan et al. (2021) examined a hybrid solar and diesel system using the BBO algorithm but ignored wind energy and V2G technology. Other entries cover topics like energy routing, risk mitigation, communication advancements, and V2G technologies, with limitations ranging from exclusion of technologies to speculative analysis and regional challenges. The studies span from 2017 to 2023, examining diverse aspects of energy systems.]The novelty and contributions of this paper are as follows:
	• The research focuses on enhancing the profitability of a deregulated electricity market that includes wind farms by tackling imbalance pricing. By integrating renewable energy sources into power systems, there is a notable potential for increased profitability, particularly in contrast to regulated markets.
	• Wind energy’s inherent variability poses a considerable challenge, leading to systemic imbalance costs that directly affect overall profitability. This study emphasizes the importance of accurately quantifying uncertainty and developing analytical strategies to mitigate these issues, aiming to boost the profitability and efficiency of power systems that utilize wind energy.
	• The main objective of this research is to address these challenges through the effective implementation of the V2G technique and the optimal placement of TCSC.
	• The V2G approach helps to resolve pricing imbalances by facilitating two-way power flow between electric vehicles and the grid, while also considering the power demand within the system. Meanwhile, TCSC contributes to profitability by reducing costs linked to system congestion. Thoughtful placement of TCSC can further enhance overall profitability.
	• Ultimately, this strategy aims to deliver the most efficient and eco-friendly power at the lowest possible cost, while satisfying the needs and expectations of both energy providers and consumers.

This problem is solved in three stages to test the suggested method’s robustness against the considered objective functions. The initial stage of the system consists of load in the standard IEEE 14 bus system. The second stage of the system consists of base load and wind energy generation. In the third stage, the system includes a base load, wind power, V2G, and TCSC hybrid systems.
1.1 Motivation of the work
The fundamental goal for performing this research is to improve the financial sustainability and general stability of deregulated electrical networks that rely on wind energy as a primary source. The inherent unpredictability and variability of wind energy resources present significant challenges that must be overcome, necessitating the development and implementation of pioneering and forward-thinking strategies such as the integration of Vehicle-to-Grid (V2G) technology and the strategic deployment of Thyristor-Controlled Series Compensator (TCSC) infrastructure. Both of these unique technology solutions are specially planned and constructed to reduce system imbalances, lowering congestion-related costs, and improve power flow via the grid network. This extensive and in-depth research focuses on delivering efficient, environmentally sustainable power generation at a competitive and favorable cost for both electricity suppliers and end users. The suggested technique and strategy are primarily focused on improving the economic feasibility and environmental sustainability of modern power grids, assuring their long-term viability and resilience in the face of changing energy landscapes.
1.2 Scope of this study
The wide scope of this study endeavor necessitates the investigation of various crucial aspects related to the introduction of wind energy into deregulated electricity grids. The major goal is to increase profitability and improve system efficiency.
• Within the field of profit maximization, the primary goal of this research is to design techniques for profit-maximizing within a wind-integrated unregulated system. This procedure entails a thorough examination of a wide range of elements that impact system profitability, including but not limited to revenue sources, generating costs, and the dynamics of imbalance pricing.
• This paper examines the exploration and prospective use of V2G technologies, which serve as feasible means for minimizing the financial risks inherent in power generation imbalances.
	• The study investigates the strategic deployment of TCSC in the electrical grid, to determine the best placements for these components. Such planned placement is critical to improving the system’s overall stability and efficiency, notably in managing power flow and reducing energy losses during transmission.
	• The main theme of this study is devoted to a thorough examination of imbalance pricing and its tremendous influence on the system’s overall profitability. The analysis sheds light on the complexities of both positive and negative imbalance pricing, revealing their far-reaching ramifications for renewable energy resource producers functioning in the market.
	• The research considers the complex regulatory frameworks that govern deregulated markets, with a focus on the critical role that independent system operators play in regulating electricity system operations. This detailed assessment is critical for acquiring a thorough knowledge of how market dynamics impact consumer advantages and the price mechanisms that govern energy transactions.
	• The overall purpose of this research is to provide significant insights into the integration of renewable energy sources, particularly wind power, into current power systems. This study intends to pave the path for a more sustainable and efficient energy environment by tackling the numerous difficulties and possibilities given by renewable energy generation’s inherent unpredictability.

2 MATHEMATICAL MODELLING OF COMPONENTS
This section will provide comprehensive evaluations of the mathematical modeling of wind farms, V2G systems, and the TCSC static model.
2.1 Wind farm (WF)
WF’s functioning is dependent on the wind rate in that region. In this work, wind velocity info was first gathered in Vijayawada, Andhra Pradesh, India. After that, real-time data on current wind speed (CWS) and estimated wind speed (EWS) was assembled at an altitude of 10 m. The study also took the average wind turbine hub elevation (h) in India, as 120 m. Equation 1 can be used to compute the rate of wind at 120 m.
[image: Formula with variables: \( \frac{W_{\text{sh}}}{W_{10}} = \left(\frac{h}{10}\right)^N \).]
The generated power (WP) of a wind farm may be calculated using Equation 2, where Wsh indicates the rate of wind at height h, Ws10 represents the wind rate at 10 m, and N is the Hellman factor, which is equivalent to 0.143.
[image: Wp equals one-half times AD times a times e times Wsh cubed. Equation labeled as two in parentheses.]
AD, a, and e denotes the volume of air, turbine sweep area, and the wind farm’s efficiency, respectively. In this scenario, AD is 1.226 kg/m3, e is 0.51, and the turbine rotor radius (r) is 40 m. According to the work, the initial cost for a wind farm is $3.75 per MWh.
2.2 Vehicle to grid system (V2G)
Power flows in both directions in a V2G system, necessitating the use of regulated converters to aid this operation. The total power generated by a V2G system is discussed in the sections. During the charging process, power is transferred from the grid to the battery of the electric vehicle (EV). As mentioned in Equation 3, the EV is charged at a bus station that offers a low locational marginal price (LMP), thereby enhancing the economic viability of the entire system.
[image: It seems like there's an error or misunderstanding. Please provide an image or describe it in more detail so I can assist you with generating alternate text.]
The electricity transferred from the EV battery to the electrical grid in Equation 4 considers the combined average efficiency of the battery and the converter. It is critical to adhere to efficiency restrictions to ensure the converters’ stable operation and to avoid completely exhausting the battery.
The power demand at the ith bus is represented by PDi, while pdi denotes the power demand specifically at that bus. Additionally, C refers to the capacity of the EV battery that requires charging.
[image: Sorry, I can't assist with the request based on the input provided. Could you please provide more details or upload the image again?]
E denotes the battery’s efficacy, PDi indicates the total power requirement at the ith bus, and pdi represents the current power need at the ith bus. C represents the charging potential of the EV battery. In EVs, different kinds of batteries are utilized. Table 2 shows the parameters linked to several battery types that are suitable for V2G operations.
TABLE 2 | EV battery parameters.
[image: Table comparing various battery types, including Ni-Cd, Li-ion, Lead-acid, Na-NiCl2, Na-S, Zn-Br2, and VRB. Columns display battery life (years), investment cost ($/kWh), and efficiency percentage. Ni-Cd has a 20-year life, $1,200-1,500 cost, 85% efficiency. Li-ion: 15 years, $1,250-1,500, 90%. Lead-acid: 15 years, $400-600, 85%. Na-NiCl2 and Na-S: both 10 years, with costs $750-1,000 and $600-800 respectively, 75% efficiency. Zn-Br2: 7 years, $600-800, 70%. VRB: 15 years, $750-850, 70%.]The presented work effectively outlines a detailed range of information related to the various costs associated with the implementation of V2G systems. It covers not only the operational expenses but also the physical costs that arise in this context.
2.2.1 Charging and discharging costs
During the charging phase, electricity is drawn from the grid at a relatively low locational marginal price (LMP), while in the discharging phase, power is fed back into the grid at a higher LMP, thus optimizing potential profits for the involved parties. Moreover, the efficiency of these processes depends on the type of battery technology used, which may include lead-acid, lithium-ion, or super-capacitors.
2.2.2 Physical costs
The work highlights the investment costs associated with different types of EV batteries, offering a thorough examination of the financial aspects involved. For example, the investment cost for lithium-ion batteries generally ranges from $1,250 to $1,500 per kilowatt-hour (kWh), while lead-acid batteries typically cost between $400 and $600 per kWh. These physical costs are crucial in shaping the overall financial model, as they encompass both aspects.
2.2.3 Battery life and efficiency
Battery life and efficiency play a vital role in determining the economic practicality and success of V2G systems. For instance, lithium-ion batteries are known to have an efficiency rate of about 90% and can last around 15 years. On the other hand, super-capacitors, while boasting the highest efficiency rates, come with higher installation costs. The efficiency of both charging and discharging cycles greatly affects the overall profits of the system, especially when considering the effects of energy storage over long periods.
2.3 TCSC modelling
TCSC, also known as a FACTS device, is used to enhance power system stability and control. Its principal role in an electrical system is to expand the capacity of transmission lines for power transfer. This is accomplished by injecting an adjustable capacitive reactance into the line, which helps to reduce voltage instability while raising the power transfer limit. TCSCs can help to reduce power system oscillations and increase transient stability. It accomplishes this by providing the system with variable impedance, which may be adjusted to deliver or absorb reactive power as needed to keep the system stable. The installation of a TCSC in a power system can improve power transfer capacity, boost system stability, and lower power losses (Dawn and Tiwari, 2016). These benefits can lead to additional efficient and reliable action of the power system, which ultimately benefits both utilities and customers.
The TCSC’s control typically consists of a voltage regulator that monitors the connection point voltage and a phase-angle controller. To control power flow and increase system stability in high-voltage gearbox systems, thyristor firing angles are adjusted in real-time to maintain the needed level of reactance. A TCSC is a simple and effective way of managing power flow, as seen in Figure 1 with a transmission line. After connecting the TCSC, the reactance of the transmission line (ReacLine) can be calculated using Equations 5, 6.
[image: Equation for total line reactance: React subscript line equals React subscript j plus X subscript TSC.]
[image: Mathematical expression showing \( X_{\text{TSC}} = C_{\text{LTSC}} \times \text{Reac}_{\text{line}} \), labeled as equation (6).]
[image: Diagram of an electrical circuit with two buses labeled Bus-i and Bus-j. The circuit shows an impedance, \(Z_{ij} = r_{ij} + jX_{ij}\), connecting the buses, with voltage inputs \(V_i\) and \(V_j\). An additional reactance, \(X_{resg}\), is connected between the buses.]FIGURE 1 | TCSC static model (Dawn and Tiwari, 2016).
The reactance of the line before the placement of TCSC is represented by ReacLine, whereas the reactance of the TCSC devices is represented by XTCSC. The compensation level range for TCSC (CLTCSC) is between −0.7 and 0.2.
3 PROPOSED WORK DESCRIPTION
In the regulated system, there are no different market players. It is a monopoly type of system where all the rules and regulations are setup by the government particulars. And it is also executed by market players only. So, the customer needs to pay the energy prices, which are decided by the power producers. But there is a market controller (i.e., independent system operator) present in the deregulated system to govern the complete power system. The customers in this particular scenario can enjoy different advantages that bring about positive outcomes for them like, low power costs, ensuring that they can save money on their electricity bills. Additionally, they are also able to benefit from the presence of reliable power quality, which ensures that their electrical devices and appliances function properly and efficiently. Furthermore, another advantage that these customers experience is the presence of a stable voltage profile, that there are no sudden fluctuations or disruptions in the voltage levels of their electricity supply. In a renewable integrated system, the operation of the electrical network is carried out through the concept of power scheduling. It involves the renewable power plant being responsible for providing the market operators with a potential generation scenario for the future. This generation scenario serves as the foundation for initiating the process of power scheduling. It's worth mentioning that the power generation of a renewable power plant may differ from the initial data due to the unpredictable nature of renewable energy sources. This difference between the submitted data and the actual power generation is referred to as the imbalance price.
The imbalance in pricing affects the overall profit of the system. It is important to understand that renewable power producers are granted awards for their surplus power contribution to the grid. These awards are given to them when their power contribution exceeds the amount that was initially submitted in the data. This surplus power contribution is represented by what is known as the positive imbalance price. On the other hand, the negative imbalance price arises when there is insufficient power from WF to the electrical grid. This means that the renewable power plant is not able to meet the required power demand, which results in a negative impact on the overall profit of the system. The system profit, which is denoted as SP(p), is contingent upon several factors. At a given time p, there are several factors to consider, such as the revenue RC(p), the generation cost GC(p), and the imbalance price IP(p). It is important to consider all of these factors when determining the system’s profit. In this paper, the expansion problem is considered as the objective function for maximizing profit. It is important to note that the expansion problem is addressed in Equation 7 of the paper. The objective of maximizing profit is of utmost importance in this context, as it allows for the system to operate efficiently and effectively. By maximizing profit, the system can achieve its goals and objectives in the most optimal manner possible. 
[image: Maximize, SP(p) equals RC(p) plus IP(p) minus GC(p), equation seven.]
The revenue has embraced two portions, i.e., thermal plant revenue [image: Mathematical expression displaying "RC subscript Ther (p)".] and wind farm revenue ([image: Mathematical notation showing the function \( \text{RC}_{\text{WF}}(p) \).]) as in Equations 8, 9.
[image: The image shows an equation: RC(p) equals RC sub THF (p) plus RC sub WF (p), labeled as equation eight.]
[image: Mathematical equation showing RC_sub_ther(p) equals the sum from m equals one to N of P_sub_ther(m, p) times LMP(m, p), labeled as equation nine.]
At a specific time p, the function PTher(m,p) is used to symbolize the power that is generated thermally, whereas the symbol LMP(m,p) is utilized to indicate the Locational Marginal Price of the mth thermal generator. The quantity of generators present within the system must be accurately represented by the symbol N. The present wind power, commonly referred to as CWP, and the estimated wind power, known as EWP, play a crucial role in calculating the system imbalance price. If you want to find out the imbalance price of an electrical network that includes wind power, you can consult Equations 10–13 to get the right expression.
[image: Mathematical equation expressing IP of p as the sum from m equals n subscript one to n, with terms including DR of p, the square of the ratio of EWP of m and p to CWP of m and p, plus ER of p, multiplied by the difference of CWP of m and p and EWP of m and p. Equation number ten.]
[image: Mathematical equation showing DR(p) equals open parenthesis one plus alpha close parenthesis times LMP(m, p), ER(p) equals zero, if EWP(m, p) is greater than CWP(m, p), followed by equation number eleven.]
[image: Equation showing ER(p) equals (1 minus alpha) times LMP(m,p), where DR(p) equals zero if EWP(m,p) is less than CWP(m,p). This is labeled as equation twelve.]
[image: The image displays a mathematical equation: \( ER(p) = DR(p) = 0 \) if \( EWP(m, p) = CWP(m, p) \). The equation is labeled as equation (13).]
At time p, the wind plant’s additional rates and shortage rates are denoted by ER(p) and DR(p) correspondingly. ER(p) represents the additional rates, while DR(p) represents the shortage rates. The wind power generated for the mth unit is represented by EWP(m,p) and CWP(m,p) based on the estimated wind speed and the current wind speed. EWP(m,p) represents the wind power generated based on the estimated wind speed, while CWP(m,p) represents the wind power generated based on the current wind speed. The symbol ∝ is used to represent the imbalance price coefficient. The imbalance price coefficient is an important factor in determining the price for the imbalance between the generated wind power and the system demand. The system generation cost is defined using Equation 14. Equation 14 provides a mathematical representation of the system generation cost, taking into account various factors such as the wind power generated, the wind speed, and the imbalance between the generated power and the system demand. In summary, at time p, the wind plant’s additional and shortage rates, as well as the wind power generated for each unit, are represented by specific symbols and equations, and the system generation cost is calculated using a defined equation.
[image: Mathematical equation depicting the greenhouse gas concentration as GC(p) equals the sum of two components: GC\(_{ther}\)(p) and GC\(_{wf}\)(p). This is labeled as equation 14.]
[image: Equation for GC thermal (p) as the sum from m equals one to N of terms (a_m plus b_m times CWP(m, p) plus c_m times CWP(m, p) squared), labeled as equation fifteen.]
In this particular study, we will be considering the thermal production cost (GCTher(p)) as in Equation 15 as well as the wind farms’ investment cost (GCWT(p)) at a specific time ‘p'. Additionally, we will also be taking into account the price coefficients of the thermal plant, namely, am, bm, and cm. With the use of the IEEE 14 bus system, we will be carefully analyzing the impact of integrating wind generators at different locations within the power grid. Through this analysis, we will be examining various aspects such as voltage, LMP, generation costs, and profits, all within regulated systems. Furthermore, we will be exploring how the introduction of a deregulated environment can potentially enhance the profitability of the energy system. By investigating the competitive power systems that use demand-side bidding, we hope to gain insights into the potential for higher returns compared to regulated systems. Consequently, renewable energy sources will be strategically selected to maximize the benefits offered by the power system in this specific scenario as well.
3.1 Constraints for resolving of power flow problem

[image: Mathematical equation showing the sum from m equals one to N of P_sub_Therm plus CWP minus P_sub_loss minus P_sub_L equals zero, labeled as equation sixteen.]
[image: Equation representing power loss, \( P_{\text{loss}} \), is given as the sum from \( j = 0 \) to \( N_{\text{t}} \). It involves conductance \( G_j \), voltage magnitudes \( |V_x| \) and \( |V_y| \), and angles \( \delta_x \) and \( \delta_y \). The formula includes squared terms and a cosine component.]
To carry out Optimal Power Flow (OPF) solutions, it is essential to take into consideration a variety of continuous and discrete constraints. These constraints play a pivotal role in ensuring the security and operational limits of the system are maintained. The representation of transmission loss and power demand is denoted by Ploss and PL, in Equations 16, 17 correspondingly. The line conductance of the connection between buses ‘x' and ‘y' is indicated by Gi. Furthermore, the voltage magnitude of bus ‘x' and bus ‘y' are represented by '|Vx|' and '|Vy|' respectively. Similarly, the voltage angle of bus ‘x' and bus ‘y' are denoted by 'δx' and 'δy' respectively. All these concepts are represented in Equations 18–22:
[image: Equation image displays: \( V_m^{\text{min}} \leq V_m \leq V_m^{\text{max}} \) for \( m = 1, 2, 3, 4, \ldots, N_b \), labeled as equation (18).]
[image: Mathematical equation showing the constraints on variable \(\Theta_m\), indicating it is bounded between \(\Theta_m^{min}\) and \(\Theta_m^{max}\). The variable \(m\) ranges from \(1\) to \(N_t\). The equation is labeled as \((19)\).]
[image: Mathematical equation displaying \( T_L \leq T_x^{\max} \) with \( x = 1, 2, 3, 4, \ldots, N_L \), numbered as equation (20).]
[image: The image displays a mathematical inequality: P sub Gm superscript min is less than or equal to P sub Gm, which is less than or equal to P sub Gm superscript max, where m equals one, two, three, up to N sub b. This equation is labeled as twenty-one.]
[image: Equation depicting inequality constraints for variable \( Q \) with subscripts \( g \), \( m \), and \(\text{min}\) or \(\text{max}\). It states \( Q_{gm}^{\text{min}} \leq Q_{gm} \leq Q_{gm}^{\text{max}} \) for \( m = 1, 2, 3, \ldots, N_s \), followed by equation number (22).]
The bus ‘m’ is equipped with both lower and upper voltage limits, denoted as ‘Vmmin’ and ‘Vmmax’ respectively. These limits serve as boundaries to ensure that the voltage at bus ‘m’ remains within acceptable levels. Similarly, the voltages at bus ‘m’ are also subject to lower and higher phase angle limits, denoted as '∅mmin’ and '∅mmax’. These limits govern the range within which the phase angles of the voltages at bus ‘m’ can vary. To provide a comprehensive understanding of the system, it is important to consider the total number of transmission lines present. In this context, this total number is referred to as ‘NTL’. It represents the collective count of all the transmission lines in the system, serving as a vital metric in analyzing the system’s overall transmission capabilities.
When focusing specifically on the bus ‘m’, it is crucial to take into account the actual power it possesses. This actual power is subject to lower and upper limits, denoted as ‘PGmmin’ and ‘PGmmax’ respectively. These limits establish the range within which the actual power of bus ‘m’ can fluctuate, ensuring that it remains within acceptable parameters. Lastly, the reactive power of the bus ‘m’ is also subject to limits. The minimum and maximum values of this reactive power are denoted as ‘QGmmin’ and ‘QGmmax’ respectively. These limits define the boundaries within which the reactive power of bus ‘m’ can vary, allowing for effective management and control of the system. In summary, the bus ‘m’ is governed by various limits and constraints. These include voltage limits, phase angle limits, power limits, and reactive power limits. These limits ensure that the bus ‘m’ operates within safe and reliable parameters, contributing to the overall stability and performance of the system. The analysis of an IEEE 14-bus system, which has been carried out, has taken into consideration all the fundamental conditions that are relevant to this particular system. To calculate the revenues, generation costs, and profit, the utilization of the Mipower software has been employed.
The step-by-step process that has been followed to achieve these specific results is clearly outlined in Figure 2. It is imperative to note that there are multiple stages involved in the completion of the proposed work, each of which has been meticulously executed. One of the key aspects that has been examined is the placement of the wind farm at various load buses within the IEEE 14-bus system. For each scenario, the profit has been accurately calculated, ensuring a comprehensive analysis. Based on the highest profit that has been attained after considering the wind farm’s placement, the optimal location for the wind farm has been recommended. In terms of the capacity of the wind farm, it has been arbitrarily set at 7 MW, which serves as a benchmark for this study. The primary objective of this research endeavor is to enhance the overall profit of the system by effectively utilizing V2G technology, while also taking into account the imbalance price. Furthermore, to further maximize the system’s profit and alleviate any transmission line congestion, the installation of a Thyristor Controlled Series Capacitor (TCSC) has been executed with utmost precision.
[image: Flowchart illustrating a process beginning with system data analysis and economic calculations in a regulated system, followed by conversion to a deregulated environment. It continues with similar calculations in the deregulated setting, adds a 7MW wind farm, and optimizes its location. The chart compares economic parameters and explores profit improvement using V2G and TCSC methods, concluding the process.]FIGURE 2 | Flow chart for the proposed method for maximum profit.
The optimization problem that arises within the context of a deregulated power system is profoundly and significantly influenced by the inherent stochastic characteristics associated with power production, consumer demand, and the pricing mechanisms in play. The complex interplay among these various factors has substantial implications for the overall equilibrium of the power system, reflecting the complex dynamics at work:
	• The Unpredictability of Power Production: The incorporation of renewable sources, with a particular emphasis on wind power, serves to introduce a notable degree of variability into the overall power generation process. This lack of predictability can result in significant mismatches between the available supply and the actual demand, leading to consequential fluctuations in market prices that can destabilize the system. The analysis presented in this paper underscores the fact that the stochastic nature of wind power generation has a profound impact on system operations, thereby necessitating the development and implementation of energy storage solutions, such as V2G technology, to effectively manage excess generation during periods of low demand, all while ensuring reliable stability during times of peak demand when energy usage is at its highest.
	• Consumer Demand Variability: The variability in consumer demand is also subject to considerable fluctuations, which are influenced by numerous factors, including the time of day, prevailing weather conditions, and the broader context of economic activity. In the context of a deregulated market environment, consumers possess the autonomy to select their preferred power suppliers based on considerations of pricing and the quality of service offered. This inherent choice creates an atmosphere of competition among various producers, compelling them to adopt and implement strategies that can effectively accommodate the fluctuations in demand while simultaneously maintaining their profitability. The research presented in this paper emphasizes that the competitive landscape encourages power producers to continually enhance and improve their service offerings to attract and retain customers in a highly competitive market.
	• Price Dynamics: The complex interaction between supply and demand within a deregulated market framework gives rise to dynamic pricing mechanisms that are inherently responsive to real-time fluctuations in demand and the availability of renewable energy sources. The paper provides a detailed discussion on how the strategic implementation of V2G technology can play a pivotal role in stabilizing market prices by enabling electric vehicles to supply power back to the grid during periods of heightened demand, thereby mitigating the effects of imbalance pricing and ultimately enhancing the overall profitability of the system.
	• Participant Strategies: Diverse market participants, encompassing power producers, consumers, and independent system operators, engage in the adoption of various strategies aimed at maximizing their respective benefits within the marketplace. Producers may choose to invest in advanced technologies and innovative energy storage solutions as a means to strengthen their competitive edge. Conversely, consumers actively seek to minimize their costs by selecting power suppliers that can provide the most favorable prices and the highest quality of service. The paper notes that the presence and role of independent system operators within a deregulated environment are crucial in regulating these multifaceted interactions, thereby ensuring a delicate balance between supply and demand while promoting equitable pricing practices across the board.
	• Equilibrium Challenges: The equilibrium of the power system faces significant challenges stemming from the need to effectively balance these stochastic elements, which are inherently unpredictable and variable. If the supply consistently falls short of meeting the overall demand, it can lead to escalating prices and potential shortages that threaten system integrity. Conversely, an oversupply situation can result in depressed prices and diminished profitability for producers, creating an unsustainable market dynamic. The paper suggests that optimizing the strategic placement of TCSC and leveraging V2G technology can serve as effective measures to mitigate these challenges, thereby enhancing the overall stability and profitability of the power system.

In summary, the inherently stochastic nature of power production, consumer demand, and pricing dynamics plays an indispensable and critical role in shaping the equilibrium of a deregulated power system. The interactions among the various market participants, which are driven by their respective strategies as well as the overarching regulatory framework, are essential for the maintenance of a stable and efficient market environment that benefits all stakeholders involved.
4 V2G INTEGRATION
The utilization of advanced technologies and the significant rise in importance of the cardinal uprising have paved the way for the extensive adoption of intricate solutions. Among these solutions, V2G technology stands out as it effectively addresses issues concerning power quality, voltage instability, and the maintenance of a stable grid frequency. The V2G system functions by establishing a connection between the electric vehicle charging station and the electrical grid. In a power environment where regulations are relaxed, electricity prices are significantly reduced during off-peak hours, but they rise sharply during peak times.
The V2G system configuration is depicted in Figure 3. V2G system is used to return the energy stored in the EV to the power grid. The diagram shows two power flows. Therefore, this particular system is called a bidirectional system. During charging time, the grid supplies power to the battery bank of EVs, whereas in discharging time, power is returned to the grid from the EV’s battery bank. The V2G system comprises three primary functional blocks: AC-DC bi-directional converter, DC-AC bi-directional converter, and Control and management system. AC-DC bidirectional converter converts AC to DC power for charging the EV’s battery. The bidirectional DC-AC converter converts the direct current from the EV battery bank into alternating current to fulfill the electrical grid necessity. The control and management system consists of many interconnected microprocessors that effectively control the flow of electricity in the V2G unit.
[image: Diagram showing a Vehicle-to-Grid (V2G) system. It includes a power grid, bi-directional AC-DC and DC-DC power converters, and an EV battery. A control and management system manages the connections. Arrows indicate charging and discharging paths.]FIGURE 3 | Connection figure of V2G system.
5 ASSUMPTIONS FOR THE PRESENTED MODELS
The presented model focuses on the optimization of profit maximization within the context of a wind-integrated, deregulated power system by employing V2G technologies alongside the strategic placement of TCSC operates under a multitude of foundational assumptions that are pivotal in steering its comprehensive modeling and analytical framework.
	• Deregulated Market Environment: The analytical models presuppose the existence of a competitive power market characterized by the operation of numerous stakeholders who actively engage in trading activities, which stands in stark contrast to a regulated system where a singular authoritative entity exerts control over both pricing mechanisms and the supply chain. This particular assumption is of principal importance as it lays the groundwork for a significant analysis of profit maximization strategies that are specifically designed for the unique dynamics of a deregulated market context.
	• Integration of Renewable Energy: The paper posits that the incorporation of renewable energy sources, with a particular emphasis on wind power, into the existing electricity grid infrastructure is an essential assumption. This integration is recognized for its propensity to introduce significant variability and unpredictability into power generation patterns, thereby necessitating the implementation of advanced energy storage solutions such as V2G technologies to adeptly manage and stabilize these inherent fluctuations in generation capacity.
	• Use of V2G Technology: The analytical frameworks employed in the study assume the operational deployment of V2G technology, which empowers electric vehicles to function as dynamic mobile energy storage units. This innovative technology is conceived to enable bidirectional power flow, thereby assisting in the mitigation of imbalance prices and contributing to the enhancement of overall system stability, particularly during critical peak demand periods when energy consumption surges.
	• TCSC Placement: The research articulates the assumption that the strategic placement of TCSC within the power infrastructure can significantly boost the transient stability of the overall power system. The models developed in this context hinge on the assumption that the implementation of TCSC technologies can effectively alleviate congestion costs associated with power transmission and, in doing so, enhance the overall profitability of the energy market participants.
	• Power Scheduling Mechanism: The models articulated in the study assume the presence of a modern power scheduling mechanism wherein renewable power generation facilities furnish market operators with various generation scenarios. This scheduling process is predicated on the understanding that actual power generation outputs may deviate from initial forecasts, which is a direct consequence of the unpredictable nature of renewable energy sources, thus necessitating flexible scheduling practices to accommodate these variances.
	• Economic Viability: The main assumption that permeates the study is the notion that the maximization of profit is of critical importance for both energy producers and consumers operating within the power grid ecosystem. The models are precisely designed to enhance the economic viability and sustainability of all stakeholders engaged in the electricity market, thereby ensuring a balanced and equitable distribution of resources and benefits.

These foundational assumptions collectively constitute the base upon which the methodologies and analytical explorations are constructed in this work, thereby steering the inquiry into profit maximization strategies within a complex power system environment.
6 RESULTS AND DISCUSSIONS
The effectiveness, durability, and viability of the proposed method have been evaluated using an IEEE 14-bus network. This test system entails 14 buses, five generators, and 20 lines. The slack bus, designated as bus no. 1, has been defined within the system. The system data for this test system has been obtained from Dawn and Tiwari (2016). The entire process has been executed using Mi-Power software. The study and analysis of this system have been conducted in the following stages:
	Stage 1: Optimum placement of wind plant.
	Stage 2: Comparison of economic parameters between deregulated and regulated systems.
	Stage 3: Imbalance price measurement and check its influence on economic profit.
	Stage 4: Implementation of the V2G method for economic profit enhancement.
	Stage 5: Placement of TCSC for further profit improvements.

6.1 Stage 1: optimum placement of wind plant
The wind farm does not incur any running costs; however, there are costs associated with investment and labor, which makes it necessary to carefully find the optimum placement of the wind power plant to maximize profits. To determine the best position, the wind farm (referred to as WF) was strategically placed at various load buses within the system, and the resulting profits were meticulously calculated. The position that yielded the maximum system profit was ultimately chosen as the optimal position for the wind farm. In this case, a wind farm capacity of 7 MW was selected randomly, but with a purpose. To thoroughly assess the applicability and effectiveness of the projected technique, 9 cases/scenarios, including the base base/scenario were meticulously chosen and then comprehensively detailed in Table 3. The analysis of the impact and influence of wind farm allocation on economic parameters was meticulously carried out for both regulated and deregulated power environments, meticulously considering and meticulously examining all the specified cases.
TABLE 3 | Case study details.
[image: Table showing scenarios and details of wind farm placements. Base scenario has no wind farm placement. Scenarios one to nine describe placement of a wind farm of seven megawatts at buses four, five, seven, nine, ten, eleven, twelve, thirteen, and fourteen respectively.]Table 4 provides a comprehensive and detailed analysis that covers all aspects of revenues, gen. costs, and profits for a regulated environment. The placement of WF strategically performed at different load buses throughout the system played a crucial role in enabling the computation and evaluation of thermal revenues, gen. costs, and profits. Furthermore, it is worth mentioning that the power produced by the different generator buses, along with their corresponding LMP were meticulously and accurately recorded, ensuring a highly precise and reliable analysis. The noteworthy outcome of this comprehensive assessment has revealed that the optimal location for the WF is at bus # 9, specifically in Case-4, as it produces the most extensive profit.
TABLE 4 | Financial parameters in regulated power system.
[image: Table listing scenarios with columns for serial number, cases/scenarios, revenue, generation cost, and profit in dollars per hour. Base Scenario shows revenue of $10,052.32, generation cost of $8,081.53, and profit of $1,970.79. Other scenarios follow with varying figures in profit, ranging from $2,199.71 to $2,212.42.]The transformation of the electrical system from regulated to deregulated was achieved through the implementation of demand-end bidding, with the bidding process conducted from load bus 6. Wind energy, just like the regulated system, was implemented at different load buses to ensure a properly functioning and controlled system. In this regard, the thermal plant revenues, gen. costs, and profit were meticulously calculated, taking into consideration the power capacity that was generated and the LMP associated with it. It is seen that, in Table 5 the wind farm was strategically placed at bus number 14, resulting in the highest system profit, particularly in Case-4.
TABLE 5 | Financial parameters in deregulated power system.
[image: A table displays data for different scenarios, listing serial numbers, cases, revenue, generation cost, and profit per hour. The base scenario shows $9,467.64 in revenue, $7,538.06 in costs, and $1,929.58 in profit. Scenarios 1 through 9 have varying values, with revenue ranging from $9,432.77 to $9,435.97, costs from $7,284.26 to $7,289.18, and profits from $2,144.81 to $2,152.00 per hour.]This finding highlights the significant impact and positive outcome that can be achieved by carefully selecting the appropriate location for wind energy installation. To further demonstrate the effectiveness of this approach, the OPF (optimal power flow) solution for the base scenario was determined using the MiPower software and is visually represented in Figure 4. This visualization serves as a clear and concise representation of the successful implementation of wind energy in the system.
[image: Schematic diagram of a power distribution network in a software interface. It includes elements like buses, transformers, gen sets, and lines with various electrical parameters. The toolbar and menus are visible at the top and side, indicating options for editing and analysis.]FIGURE 4 | OPF problem resolution for the base case using MiPower software.
6.2 Stage 2: comparison of economic parameters between deregulated and regulated systems
Nowadays the use of deregulated systems is increasing very sharply throughout the world due to the economic assistance to the system players. This work is also influenced by the economically beneficial concept of a deregulated system and comparative studies have been performed here in terms of revenue, system generation cost, and profit between the deregulated and regulated system. Figure 5 shows the revenue comparison where it is revealed that the revenue is higher in a regulated system than the competitive system. In the entire research, the revenue represents the earnings of the power producers. Therefore, reducing the revenue signifies a lighter financial burden on customers about energy prices, which is the chief aim of the competitive system.
[image: Bar graph comparing system revenue in regulated and deregulated systems across ten scenarios, labeled Base Case to Case 9. Blue bars represent higher revenue in regulated systems, and orange bars show lower revenue in deregulated systems, ranging from 9300 to 10100 dollars.]FIGURE 5 | Revenue comparison (in $/h).
The aggregate expenses associated with electricity production, encompassing transmission and distribution costs, are denoted as the generation cost. This incorporates the costs of equipment, raw materials, installation, labor, and other relevant expenditures. As illustrated in Figure 6, the gen. cost in the regulated power system exceeds that of the competitive one. This discrepancy arises from the heightened competition among power producers in the deregulated system, compelling them to embrace advanced technologies to improve power quality and concurrently reduce generation costs to attract a larger customer base.
[image: Bar chart comparing generation costs in regulated and deregulated systems across various scenarios labeled Base Case and Cases 1 to 9. Blue bars represent regulated system costs, which are consistently higher, while orange bars show lower deregulated system costs. Costs range from 6800 to 8200 $/h.]FIGURE 6 | Generation cost comparison (in $/h).
The profit is the balance that remains after subtracting the cost of production from revenue. In this paper, it is denoted in $/h. Figure 7 illustrates a comparison between the profitability of regulated systems and deregulated systems, indicating that regulated systems generate greater profits than their deregulated counterparts. This implies that power producers benefit from the implementation of deregulated systems, which in turn benefits the customers. The examination of Figure 7 brings us to the inference that the positioning of wind farms leads to higher profits for both controlled and market-based power systems when compared to systems without wind farms. This discovery may incentivize power providers to increase investments in renewable power plants, aiming for enhanced economic returns.
[image: Bar chart comparing economic profit in regulated and deregulated systems across different scenarios. Base Case shows lower profit, while Cases 1 to 9 indicate higher profits, with the deregulated system consistently outperforming the regulated system.]FIGURE 7 | Economic profit comparison (in $/h).
This study deeply explores the impact that wind farms have on systems that are both regulated and deregulated. To provide a clear example, a fixed 7 MW wind farm is used as an illustrative example. The findings of this study suggest that by enhancing the integration of wind power, there is the potential for market participants to experience increased profits. This is particularly beneficial for customers as it offers them social advantages. It is important to note that in a competitive power environment, the effectiveness of the electrical system is reliant on two key factors. Firstly, the economic aspects are controlled by Locational Marginal Prices (LMP). Secondly, the stability and power quality of the system are influenced by the system’s voltage profile. The study emphasizes that both regulated and deregulated systems experience the highest profits in case 4 and case 9, according to the research conducted. To further analyze these cases, comparative examinations of LMP and voltage profiles were carried out. Figures 8, 9 offer a graphical depiction that showcases the contrast between locational marginal prices in the regulated and deregulated systems for case 4 and case 9, correspondingly.
[image: Bar chart comparing Locational Marginal Pricing (LMP) between regulated and deregulated systems for 14 buses. Blue bars represent the regulated system, while orange bars show the deregulated system. LMP ranges from 36 to 41 $/MWh.]FIGURE 8 | LMP evaluation for case-4 between deregulated and regulated systems (in $/MWh).
[image: Bar chart comparing LMP in dollars per megawatt-hour for regulated and deregulated systems across 14 bus numbers. Blue bars represent regulated systems, and orange bars represent deregulated systems, showing variations between them.]FIGURE 9 | LMP evaluation for case-9 between deregulated and regulated systems (in $/MWh).
The control of the system revenue is directly under the jurisdiction of the LMP as it aids in the depiction of the selling price for the power that is generated. The introduction of a deregulated system has resulted in a decrease in the LMP value for individual buses, subsequently leading to a drop in the power selling charge. As a result, customers will now have to pay a reduced quantity for energy consumption. A comparison between the regulated and the deregulated system can be observed in Figures 10, 11 for case-4 and case-9 respectively, effectively showcasing the profile of the voltage within the system. It is of utmost importance to maintain a consistent voltage level across all buses as it greatly contributes to the enhancement of the security and stability of the system. The outcomes derived from the analysis indicate that the implementation of a deregulated environment has had a positive impact on the overall voltage profile of the system.
[image: Bar chart comparing voltage levels in regulated and deregulated systems across bus numbers one to fourteen. Voltage is measured in per unit (p.u.). Regulated system (blue bars) and deregulated system (orange bars) show varying voltage levels, generally ranging between 1.01 and 1.05 p.u.]FIGURE 10 | Voltage assessment for case-4 between deregulated and regulated system (in p.u.).
[image: Bar graph comparing voltage levels across bus numbers for regulated and deregulated systems in Case-9. Voltage ranges from 1.01 to 1.06 per unit. Blue bars represent the regulated system, and orange bars represent the deregulated system. Each bus number from 1 to 14 shows varying voltage levels.]FIGURE 11 | Voltage comparison for case-9 between deregulated and regulated systems (in p.u.).
6.3 Stage 3: imbalance price measurement and check its influence on economic profit
The evaluation of the economic impact of the competitive power network connected to renewable energy must consider the ramifications of imbalanced prices. The uncertain and capricious nature of renewable sources presents a notable peril to the electrical grid, as there is a possibility that renewable power plants may not meet the predetermined power demand. To address this dilemma, two possible avenues can be pursued: the application of cutting-edge forecasting technologies and the integration of energy storage devices. Nevertheless, it is important to note that the effectiveness of the forecasting process is hindered by certain limitations, thus rendering it an inefficient solution. Consequently, the implementation of energy storage devices emerges as an indispensable measure to ensure the maintenance of scheduled power and the minimization of potential economic losses.
The survey that was conducted on the day aimed to gather data on the current wind speed, also known as CWS. Simultaneously, the data from the previous day was considered as the estimated wind speed, referred to as EWS. It's important to mention that the difference between these two wind speeds directly affects wind generation. This impact then leads to a difference between the expected power generation and the resulting profits. This difference, commonly known as the generation of imbalance price, represents the gap between the current and expected data. It's crucial to emphasize that real-time current and estimated wind speed data were specifically gathered for the city of Vijayawada (Time and Date website, 2024). These data points were carefully collected and organized in Table 6, providing a comprehensive overview of the wind speeds in the area. Due to the unpredictable nature of wind speed, the data was captured at hourly intervals and recorded at a height of 10 m. Additionally, the probable wind speed at the wind turbine’s hub height of 120 m was also measured for a more detailed analysis. As a result, wind generation calculations were conducted using this data for different hours.
TABLE 6 | Real-time wind velocity data (in km/h).
[image: Table showing hourly estimated and current wind speeds. From 00:00 to 23:00, values fluctuate; starting with estimated speeds of 5 to 8 increasing to 12 at midday, then decreasing. Current speeds range from 6 to 14.]In case the present wind velocity surpasses the predicted wind velocity, the power-producing firms are compensated through an award. If the wind speed at the present moment is found to be lower than the wind speed that was initially estimated, the companies responsible for generating electricity are subjected to a penalty as a consequence of their inability to fulfill their commitment to delivering the electricity that was promised. Upon analyzing the recorded wind speed data, it becomes evident that there have been instances of repetitive scenarios, which have unfortunately not been taken into consideration.
This is a significant oversight considering the potential impact of these repetitive situations on the overall operations of the wind farm. The wind farm, which is located on bus number 14 as previously determined in Stage 2, plays a crucial role in the generation of electricity. To accurately determine the cost of imbalances, the calculations consider both the current and projected wind power. These calculations are essential for assessing the financial impact of any imbalances in wind power generation. To further illustrate this, Table 6 provides a detailed overview of how imbalance prices can affect the overall profit generated by the wind farm. It's important to note that the estimated profit mentioned here refers to the profit that would be achieved without considering imbalance prices. On the other hand, the actual profit represents the profit obtained when the imbalance price is taken into account. Figure 12 presents a comparative analysis of the profit with and without considering imbalance prices. It is seen that in many hours the actual profit is reduced as compared to the estimated profit which happens due to the negative imbalance prices.
[image: Bar chart comparing estimated and actual profits per hour from midnight to 10:00 PM. Estimated profits (blue bars) and actual profits (orange bars) show a general increase, peaking between 11:00 AM and 2:00 PM, then decreasing towards the evening.]FIGURE 12 | Economic profit assessment without and with imbalance prices.
6.4 Stage 4: implementation of V2G technology for profit enhancement
To avoid such situations and eliminate the imbalance cost discussed in step 3 above, V2G technology can be used. The V2G technology utilizes the energy stored in electric vehicles to support the grid during high-demand periods, while the EVs draw power from the grid during low-demand periods. When demand increases, the stored energy in the EVs can be retrieved to meet the required demand. Table 7 provides a comprehensive and detailed representation of the significant impact that the prices of imbalance have on the actual profit. This analysis takes into account a substantial period, specifically 24 h, to ensure a comprehensive understanding of the method employed.
TABLE 7 | Influence of imbalance prices on system economic profit.
[image: A table showing data for different times of day, listing Eastern Wind Speed (EWS) and Central Wind Speed (CWS) in km/h, imbalance price in dollars per hour, and both estimated and actual profit in dollars per hour. The table contains data for various intervals from 00:00 to 22:00, with corresponding values for wind speeds and financial metrics. Notable figures include lower imbalance prices at 11:00 and higher at 13:00, which correlate to changes in estimated and actual profits.]By carefully considering and eliminating any duplicates or situations with similar wind speeds, we are left with a total of 17 unique cases that are of utmost importance in our examination. It is important to highlight that in this specific study, the wind farm has been strategically placed at the most lucrative bus within the deregulated system, specifically bus #14. Upon closer examination of the data presented in Table 8, it becomes abundantly clear that there is a noticeable change in profit as a direct result of the imbalance. It is evident that the penalty associated with the imbalance significantly outweighs the profit that is generated. This discovery serves to highlight the immense importance of taking the necessary steps to remove the cost of imbalance.
TABLE 8 | System performance (in $/h) with V2G and without considering imbalance price.
[image: Comparison table showing revenue, generation cost, and profit for lead-acid batteries, lithium-ion batteries, and super-capacitors. Each category includes values for base case, charging, and discharging scenarios. Revenue and profit are higher for charging and discharging compared to the base case, with minor variations in generation cost across different types and scenarios.]It is worth noting that a higher penalty ultimately leads to even greater losses, further emphasizing the urgency to address this issue. Fortunately, there exists a promising solution that can help mitigate the potential losses that arise from the imbalance. The integration of V2G technology, which operates based on utilizing batteries, presents a viable and effective strategy to avoid such detrimental financial outcomes. By leveraging this innovative technology, it becomes possible to effectively manage and regulate the flow of energy, thereby minimizing the impact of imbalance on the overall profit. This forward-thinking approach has the potential to revolutionize the energy sector and ensure a more sustainable and financially viable future. The EV fleet capacity considered here is 3 MW. The final efficiency varies accordingly for each battery. The utilizing capacity is crucial for the amount of output power of the EV. The better the efficiency, the better the output power, and the better the profit. When prices become imbalanced, the EV fleet can provide the necessary power to prevent further imbalance. The power that is provided by the fleet of electric vehicles is subsequently subtracted, and the power that is left over after this deduction is then utilized to calculate the overall profit. To achieve the maximum possible profit within the power system, the implementation of V2G technology can prove to be highly advantageous. At present, the effectiveness of V2G technology largely depends on the utilization of lithium-ion batteries. Our comprehensive analysis involved a thorough examination of the impact that various types of batteries, including lithium-ion, lead-acid, and supercapacitor batteries, have on the overall profit of the system when they are integrated into the power system. Table 8 illustrates the impact of these batteries on the power grid’s profit. It's worth noting that the system being considered is deregulated, as it's more profitable than the regulated system.
In the situation that is specifically being considered in this charging scenario, it becomes quite apparent that the level of increase or improvement in terms of the overall amount of energy stored or supplied to the battery remains constant and uniform in every single instance or situation that is being analyzed or evaluated, and this is primarily because the battery in question is already filled or replenished to its maximum capacity or level. However, when it comes to discharging, the gain varies depending on the specific cases. This discrepancy arises from the fact that different batteries possess different output efficiencies. Out of the three battery options that were taken into consideration, it can be observed that the supercapacitor proves to be the most efficient among them. However, it is crucial to emphasize that the supercapacitor also entails a higher cost when it comes to its installation. In the particular situation being examined, the EV experiences discharge in extreme proximity to the generator bus, which is directly associated with the concept of V2G as well as the EV’s battery storage unit. While the EV can charge from a bus, it can discharge in various buses. Consequently, this method proves to be advantageous in safeguarding the electrical grid from severe faulty conditions.
From the values in Table 9, we can see that the system gains are excellent when the V2G system is integrated, even though there is an imbalance in the power network. Figure 13 illustrates the comparative gains in power systems due to the presence of V2G systems. The graphical representation of the profit in the system is depicted in the figure. The findings of the study provide evidence that the incorporation of V2G technology into the power grid yields noteworthy consequences, particularly when the V2G system is fueled by an appropriate battery or energy storage system. The outcomes of the investigation demonstrate that the inclusion of the V2G system within the power system framework has a considerable impact. This impact is particularly pronounced and noteworthy in situations where the V2G system is appropriately powered by a suitable battery or energy storage system. The profit increases after the implementation of the V2G method, regardless of whether there is an imbalance price scenario or not.
TABLE 9 | System performance (in $/h) with V2G and imbalance price.
[image: Comparison table of Lead-acid battery, Lithium-Ion battery, and Super-Capacitor. Each section shows Revenue, Generation Cost, and Profit for Base Case, Charging, and Discharging scenarios. Profits range from 1937 to 2040.][image: Bar chart comparing profits with and without imbalance price for base case, lead-acid discharging, lithium-ion discharging, and super capacitor discharging. Profits are higher without imbalance price, with all discharging types showing similar levels, while profits decrease with imbalance price.]FIGURE 13 | Economic assessment without and with IP for V2G method.
6.5 Stage 5: placement of TCSC for further profit improvements
In a vast power network, transmission line congestion may arise from failures or abnormalities in buses, generators, or lines, incurring additional costs for power customers through congestion charges added to energy selling prices. To mitigate this issue, the study explores the application of Thyristor Controlled Series Capacitor (TCSC) to enhance the thermal limit of transmission lines and alleviate congestion problems. The strategic conduction of the placement of TCSC in this research was carried out with the utmost care and precision, ensuring that the system profit was maximized and economic benefits were delivered to all market players involved. A thorough analysis was conducted to determine the optimal position for the placement of TCSC. This analysis involved adjusting compensation levels for all transmission lines within a range of −0.7 to 0.2 and calculating the system generation cost for each case.
The results of this analysis revealed that the optimal position for TCSC was at line number 3, with a compensation level of −0.25. It was determined that this particular placement scenario resulted in the lowest system generation cost, thus solidifying it as the ideal position for TCSC within the system. Moreover, to further enhance the accuracy and effectiveness of the research, the study also incorporated the V2G method. This method was utilized to calculate the overall system profit in conjunction with the placement of TCSC. Figure 14, which is provided as a visual representation, depicts a comprehensive comparison of the profit achieved with and without the implementation of imbalance prices for the V2G method after the placement of TCSC. The findings derived from this analysis indicate that the placement of TCSC, when combined with the V2G method, has a significant positive impact on the overall system profit. This further highlights the importance and effectiveness of TCSC placement in maximizing economic benefits.
[image: Bar chart comparing profit in dollars per hour for different discharging methods: Base Case, Lead-Acid, Li-ion, and Super Capacitor. Two series are shown: profit with V2G integration (blue) and profit with V2G and TCSC integration (orange). All discharging methods significantly increase profit compared to the Base Case, with negligible differences between the two series for each method.]FIGURE 14 | Economic profit assessment with IP for V2G and TCSC placement.
The entire research was executed utilizing the Mi Power software. The early phases of the research were structured to cater to both regulated and deregulated system environments. Upon determining that the deregulated system offered superior economic benefits, the subsequent phases of the work were exclusively carried out within the deregulated environment.
7 CONCLUSION
This article focuses on increasing profit and reducing risk by incorporating renewable energy sources, primarily wind energy sources, into existing thermal power plants. Companies that use renewable energy sources can increase their profits while also contributing to a more sustainable and ecologically responsible future. Renewable energy is simple to implement into a deregulated system because it allows for several players. The main disadvantage of renewable energy sources is their unpredictability, which causes mismatches in the system, particularly imbalance pricing. To address this issue, energy storage technologies such as EVs, PHS, and BESS can be deployed. V2G not only serves as an energy storage device, but it can also carry electricity from one location to another. The deployment of V2G technology has the potential to increase the profitability of the electricity system by alleviating the current price imbalance, as identified in recent research. During peak hours, EVs can be discharged at any point, preventing a grid blackout. The battery of an EV is charged with a low LMP (power selling price) and discharged at a high LMP. As a result, the system’s profits are automatically boosted. The TCSC placement of deregulated power systems has also improved transient stability, decreased congestion, minimized power losses, and increased transmission line load capacity, all of which benefit energy customers economically. The findings from the empirical analysis give persuasive evidence that wind farms have the inherent ability to drastically reduce reliance on fossil fuels within the complex frameworks of electricity networks. Furthermore, it is worth noting that supplementary remedies such as V2G and TCSC can be effectively used to ensure the steadfastness and equilibrium of the electrical grid by systematically reducing congestion within the system and efficiently maximizing the economic advantages and benefits that the system can derive from such a course of action.
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Introduction: This study investigates the relationship between economic growth, clean fuel utilization, trade, and environmental pollution. By focusing on the potential of clean fuels and trade in reducing pollution, this research aims to understand their role in promoting environmental sustainability in China from 1990 to 2020.Methods: The study employs the Nonlinear Autoregressive Distributed Lags (NARDL) approach to analyze time series data. This method enables the decomposition of impacts from clean fuels and trade on pollution levels, facilitating an understanding of their distinct contributions to environmental outcomes.Results: Findings indicate that economic growth is associated with an increase in pollution levels, while clean fuel usage exhibits a modest but significant reduction effect. Nonetheless, the relatively small coefficients highlight the need for a greater share of clean fuels in China’s energy mix. Additionally, trade shows a significant negative relationship with pollution emissions, with data reflecting a gradual decline in pollution over time.Discussion: These results underscore the benefits of clean fuel adoption and trade promotion as effective measures for mitigating pollution. However, they also highlight the necessity for stronger regulatory policies, public awareness initiatives, and investments in sustainable technologies to ensure China’s long-term environmental sustainability.[image: Flowchart illustrating data analysis from China and OECD sources. It shows transitions from environmental pollution to clean fuels, environmental policy, interaction term, and sustainable economic growth. It includes NARDL and FMOLS long-run estimates, NARDL co-integration test, and ADF unit root tests.]Keywords: clean fuels, trade openness, GDP, environmental degradation, nonlinear ARDL
1 INTRODUCTION
The Environmental Kuznets Curve (EKC) is a hypothetical idea that proposes that environmental degradation at the start rises with output growth; nonetheless, it will fall when a specific level of output has been reached. The EKC is similar to that of environmental degradation. The introduction of clean fuel is one of the ways to reduce environmental degradation and improve the air quality index. The use of clean fuels as an alternative to traditional fuels has been suggested as a practical solution to reduce air pollution and greenhouse gas emissions.
Clean energy reduces environmental degradation and improves air quality by minimizing the harmful emissions produced by traditional fossil fuels. Sources like solar, wind, and hydropower generate electricity without releasing pollutants such as carbon dioxide (CO₂), sulfur dioxide (SO₂), and nitrogen oxides (NOx), which are major contributors to air pollution and climate change. Clean fuels, such as biofuels and hydrogen, offer alternatives to gasoline and diesel in transportation, cutting down on particulate matter and greenhouse gases.
By replacing fossil fuels with these cleaner alternatives, clean energy helps mitigate the health risks associated with poor air quality and slows the pace of global warming (Wang et al., 2018; Zhang et al., 2019). Renewable energy sources could decarbonize 90% of the electricity industry by 2050, drastically reducing carbon emissions, and contributing to climate change mitigation (Osman et al., 2023). Life cycle assessment revealed that 2.68 CO2e are embodied per ton of biochar. The Carbon removal quantification was calculated, and it showed that a total of 2.879 tCO2e is embodied per tonne of biochar which highlights the role of these renewable for carbon emissions (Fawzy et al., 2022; Lefebvr et al., 2023 among others).
Notwithstanding, China is the world’s largest consumer of energy, and its dependence on fossil fuels such as coal, oil, and gas has led to significant environmental problems, including air pollution, water pollution, and greenhouse gas emissions (Rehman et al., 2021; Ahmad et al., 2021; Zeshan and Shakeel 2020). In recent years, China has taken steps to shift towards cleaner energy sources, but it still faces significant challenges in reducing its dependence on fossil fuels and curbing pollution. Clean fuels, such as renewable energy sources like wind, solar, hydroelectric, and biomass, can play a crucial role in reducing China’s reliance on fossil fuels and decreasing pollution.
The Chinese government has decided to achieve optimal goals by increasing the clean energy resources in the country’s energy mix, with a direction of reaching 20% by 2025 (Internation Energy Agency, 2021). China still relies heavily on fossil fuels, particularly coal, which accounts for more than 50% of the country’s energy consumption. Coal-fired power plants are a significant source of air pollution in China, and the country’s air quality is a major public health concern. The Chinese government has implemented measures to reduce coal consumption, such as implementing stricter environmental regulations and promoting the use of natural gas; however, progress has been slow (World Bank, 2022).
Globalization has had a significant impact on trade between developing countries, leading to various effects on pollution. The trade has three major effects on pollution: size, composition, and technology (Antweiler et al., 2001). This size impact suggests that expanding trade often causes an increase in energy use, which can contribute to environmental damage. The composition effect is based on the idea that a country’s production composition, determined by its comparative advantages, can affect pollution levels, with capital-intensive industries being more polluting than labor-intensive sectors (Bekun et al., 2019). Finally, the technology impact highlights how trade facilitates the transfer of technology between trading partners, promoting the adoption of cleaner and more efficient practices (Rehman et al., 2021; Nadeem et al., 2023).
Aligned with the United Nations’ sustainable development goals (SDGs), nations are actively pursuing strategies to achieve their carbon reduction objectives. Given the constraints on financial resources, it is imperative that carbon reduction policies optimize public fund utilization. However, existing research has largely overlooked a comprehensive examination of China’s environmental situation, neglecting crucial aspects, like the uptake of renewable energy. This study addresses this gap by delving into the environmental landscape of China, considering both financial commitment to environmental protection and the adoption of renewable energy sources. Moreover, this research goes beyond conventional approaches by exploring the influence of clean energy consumption and trade dynamics on the overall environmental paradigm. Through these endeavors, this study makes a significant contribution to advancing the objectives outlined in SDG 7 (ensuring access to affordable and clean energy) and SDG 13 (taking urgent action to combat climate change and its impact) within the context of China.
The main aim of the existing work is to assess the long-run relationship between environmental pollution, GDP, fossil fuels, clean fuels, and trade openness in China. The novelty of this study lies in employing carbon dioxide equivalents (CO2e) instead of carbon dioxide (CO2), as well as segregating energy into fossil fuels and clean fuels to measure their independent role in controlling pollution. The use of CO2 equivalents will provide a better estimate of environmental degradation owing to the presence of other gases in the environment including CO2. The independent role of clean fuels in total energy will lead to an assessment of the potential of clean energy in China’s economy. Clean fuels include both renewable and nonrenewable clean energy use in the economy; therefore, they provide a broader estimate of clean energy (Nadeem et al., 2023).
Several studies have assessed the association between economic growth, environmental degradation, and renewable energy, and some have supported the EKC hypothesis. Therefore, we can conclude that the studies corroborate the evidence for many regions, as the pollution level reduces after a certain level of output. Clean fuel introduction can be one way to reduce environmental degradation and improve air quality, as shown in various studies (e.g., Degirmenci and Aydin 2024). There are relatively few studies which incorporate trade variable and employ nonlinear ARDL approach specifically for China. Also using CO2 equivalents will cover other pollutants mentioned earlier (SO2, NOx) to measure pollution level therein a broader measure of environmental quality with clean energy and other economic variables.
The untapped potential of clean fuel with trade and GDP could be insightful considering China’s SDG targets. Existing studies on this topic ignore these dimensions. The model estimates are calculated using fully modified ordinary least squares (OLS) methods and nonlinear autoregressive distributed lag models (NARDL). Notwithstanding, the NARDL model is considered superior to the fully modified and ordinary OLS because it accounts for nonlinear relations and allows the capture of more complex patterns and dynamics that may be missed by linear models such as OLS. These findings of the study will underscore the need for and importance of clean fuels, GDP, and trade openness in controlling pollution-related policies in China.
The rest of the paper is being tracked as follows; 2nd section discusses the review of literature related to the topic, 3rd section discusses the analytical framework and data description, 4th section presents the methodology employed, 5th section contains the findings and discussion and last section have concluding remarks of the paper.
2 REVIEW OF LITERATURE
Several studies have explored the relationship between environmental degradation, income, and clean fuel. This review examines major studies that provide insights into the EKC theory and clean fuel. It is nevertheless clear that the present section will discuss the existing gap and help to guide the development of methods and models.
Barbier (2002) provides a comprehensive review of the literature on the EKC theory, including the evidence for and against it. The study highlighted different methodology used and different variables taken for many regions and countries. They concluded that further research with using robust methods could unleash the pathways to control pollution in the world.
Stern, (2004) examined the rise and fall of environmental Kuznets curve. This study examines the empirical evidence for the EKC theory and discusses the challenges in testing it. The authors discuss the need to introduce other variables like trade openness etc., in the understanding of pollution-related dynamics.
Bhattarai et al. (2012) uses panel data from 58 countries between 1990 and 2008 to test the EKC hypothesis for forestry sector CO2 emissions and investigates the role of FDI in this relationship. The authors find that while the EKC hypothesis is supported for the forestry sector, FDI does not have a significant impact on CO2 emissions. Additionally, the authors find that income, population, and forest area are important determinants of forestry sector CO2 emissions. The study’s findings suggest that economic development alone may not be enough to reduce environmental degradation, and that targeted policies and regulations may be necessary to address forestry sector CO2 emissions. The study left the gap for employing trade variable and CO2 equivalents.
Rahman and Shahari (2018) examines the EKC theory in Malaysia, focusing on the role of renewable energy consumption and trade. The EKC hypothesis suggests that environmental degradation increases with economic growth up to a certain point, after which it starts to decline as the economy becomes more developed and better able to afford and implement environmentally-friendly technologies and policies. The authors use a time-series analysis from 1971 to 2014 to examine the relationship between CO2 emissions, renewable energy consumption, economic growth, and trade. However, employment of nonlinear ARDL approach may consider nonlinear patterns in the analysis.
Adom and Insaidoo (2016) examines the relationship between renewable energy consumption, trade, and greenhouse gas emissions in selected African countries. The study uses data from 13 African countries over the period 1990–2011. The authors employ panel data analysis techniques to estimate the relationship between renewable energy consumption, trade, and greenhouse gas emissions. They find that renewable energy consumption has a negative and statistically significant impact on greenhouse gas emissions in the selected African countries. The authors also find that trade has a significant positive effect on greenhouse gas emissions, which suggests that international trade may be contributing to an increase in emissions in these countries. It is nevertheless clear that country specific findings are much insightful for development of policy framework for clean energy.
Jiang et al. (2022) explores the relationship between economic growth, coal consumption, and environmental degradation in China. The study uses provincial panel data from 1995 to 2015 and applies the Environmental Kuznets Curve (EKC) framework to examine whether economic development leads to an improvement in environmental quality, as measured by air pollution. The authors find evidence of an inverted U-shaped relationship between economic growth and environmental degradation in China. However, the authors also find that coal consumption, which is a major contributor to air pollution in China, plays a significant role in the EKC relationship.
Creutzig et al. (2021) assessed the feasibility of achieving a rapid transition away from fossil fuels. The authors analyzed the current state of renewable energy technologies and discussed the policy changes needed to accelerate the transition.
Shafiee and Topal (2021) reviewed the use of hydrogen as a clean fuel in the transportation sector. The authors highlighted the advantages and disadvantages of using hydrogen and discussed the current state of the technology.
Shakeel (2021) noted that fossil fuels, non-fossil fuels, exports have a long run relationship with GDP in south Asia region. They employed structural break models with Hansen co-integration approach. The findings revealed that fossil fuels and exports are granger causing GDP in the long run while non fossil fuels and exports are not significant in the long run.
Menegaki and Tugcu (2018) notes that energy use proxies with renewable and non-renewable and GDP have a two-way causality with other variables using the data from 1990 to 2015. They corroborate that energy conservation will harm the sustainable economic GDP in Asia. The study contributes significantly but confines itself in the direction of not providing country specific results.
Shakeel and Ahmed (2021) notes that there exists a long run panel co-integration amid the GDP, energy, trade, in production function of South Asian economies. They used annual data of five countries in a panel approach. They find out a causal association two way affiliation betwixt energy and trade. Also, trade has been causing energy consumption implying that there is much need to understand the dynamics of energy with further studies. The study leaves the gap for clean energy in China and other regions.
Bhuiyan et al. (2022) noted that adopting renewable energy will lead to improve output of both developed and developing nations. They concluded the finding with systematic review of peer reviewed journal-based articles which were collected from SCI and SSCI indexing. They also noted that there is relatively less significance of using renewable energy with output at a specific threshold. They provided important results but leave the gap for other clean fuels which this study attempts to cover.
Awan et al. (2022) examined the association among renewable energy, urbanization and FDI for ten emerging economies over the years 1996–2015. They used the methods of moments quintile regression and found that renewable energy reduces the pollution at all levels of quintile, ceteris paribus. The study contributes significantly but leaves the gap between clean fuels and output for other regions.
Abbasi et al. (2022) examined the environmental factors with fossil fuel, renewable energy, and GDP among others. They used the method of dynamic ARDL simulation and frequency domain causality to find the potential relationships. They noted that fossil fuel sources increase CO2 emission while renewable energy reveals vice versa. The authors contribute significantly but does not provide the dynamic association among clean fuels and GDP in China.
Abbasi et al. (2022) examined the asymmetric links of renewable, non-renewable energy and terrorism in Pakistan. They used nonlinear ARDL methods and found that there is positive and negative changes which affect the renewable energy and terrorism link in the country. They provided novel finding but lack in the direction of clean energy and GDP. Ahmad et al. (2020) explores the heterogeneous links among urbanization, the intensity of electric power consumption, water-based emissions, and economic progress in regional China. The empirical analysis provides valuable insights into the complex relationship between these factors and their implications for sustainable development in urban areas. The study employs robust methodology and utilizes a rich dataset to investigate the specific dynamics at play. The findings highlight the need for targeted policies and strategies to address the environmental challenges associated with urbanization while promoting economic growth.
Ahmad et al. (2020) focused on modeling the heterogeneous dynamic interactions among energy investment, SO2 emissions, and economic performance in regional China. The study contributes to the understanding of the complex relationships between energy investments, environmental pollution, and economic development. The research methodology is rigorous, incorporating advanced modeling techniques to capture the dynamics over time. The findings shed light on the effectiveness of different energy investment strategies in reducing SO2 emissions and their impact on economic performance.
Batool and Rehman (2023) examines the mediating role of green technology innovations in the relationship between environmental regulations and Chinese energy sustainability at the provincial level. The research contributes to the understanding of the mechanisms through which environmental regulations affect energy sustainability outcomes.
Sue et al. (2023) investigated the intricate interplay among renewable energy, economic freedom, and economic policy uncertainty across G7 and BRIC countries. Employing dynamic panel threshold analysis, their study enhances comprehension of these multifaceted interactions. Their findings offer valuable insights into the optimal conditions for effective renewable energy policies, fostering both economic growth and stability.
Işık et al., 2023 delved into the asymmetric repercussions of foreign direct investment inflows, financial development, and social globalization on environmental pollution. This study adds to the existing literature on the environmental consequences of globalization and foreign direct investment. Through empirical analysis, the research provides significant insights into the divergent effects of these factors on environmental pollution within distinct contexts. The research underscores the necessity of tailored environmental policies considering these heterogeneous impacts.
Deng et al. (2022) investigated the influence of social globalization, foreign direct investment inflows, and financial development on environmental pollution, utilizing a globally representative sample of 107 countries. Their empirical exploration sheds light on the intricate dynamics connecting CO2 emissions, economic growth, and employment. The results hold implications for policymakers striving to shape sustainable development strategies on a regional scale.
Rehman et al. (2023) investigates the asymmetrical influence of foreign direct investment, remittances, reserves, and information and communication technology on Pakistan’s economic development. The research contributes to the understanding of the multifaceted drivers of economic development in Pakistan.
Rehman et al. (2022) examined the intricate balance between renewable energy, urbanization, fossil fuel consumption, and economic growth in Romania, assessing short- and long-term implications. Their work advances our understanding of the trade-offs and synergies inherent in this context.
Cagler and Askin (2023) delved into two pivotal environmental quality metrics: CO2 emissions and load capacity factor. While co-integration was not observed in the emissions model, it surfaced in the load capacity factor model. The outcomes suggest that economic growth and competitive industrial performance exert adverse effects on environmental quality. On the contrary, renewable energy consumption and human capital were identified as enhancers of the load capacity factor. This research advocates for human capital and renewable energy consumption as potent instruments for bolstering the load capacity factor.
Degirmenci and Aydin (2024) makes a significant contribution to the study of environmental sustainability, particularly by addressing the role of Annex II countries under the Kyoto Protocol. The authors present a compelling case for testing the load capacity curve (LCC) hypothesis, which relates economic growth to environmental degradation. Their focus on green innovation, green tax, green energy, and technological diffusion as key factors in driving sustainability adds an important dimension to existing environmental economics literature. The study’s limitation to Annex II countries narrows the generalizability of its findings. While this focus is justifiable given the research context, expanding the analysis to include non-Annex countries could offer more comprehensive insights into the global effort to meet Kyoto Protocol targets.
Aydin and Degirmenci (2024) provides a significant contribution to the ongoing discourse on environmental sustainability by examining the effects of clean energy consumption, green innovation, and technological diffusion on sustainability across 10 European Union countries. The novelty of this research lies in its focus on the Load Capacity Curve (LCC) hypothesis, which has been underexplored in comparison to the more frequently studied Environmental Kuznets Curve (EKC) hypothesis. Their findings underscore the importance of technological diffusion and innovation in addressing environmental challenges, while also highlighting the need for country-specific strategies to achieve sustainability goals.
In summary, the EKC framework suggests that the relationship between economic development, energy use, trade, and environmental degradation is complex and nonlinear. While initial increases in energy use and trade may lead to increased environmental degradation, beyond a certain threshold of economic development, environmental degradation may begin to decrease even as energy use and trade continue to grow. The specific shape and functional form of this relationship may vary depending on the context and the specific environmental indicator of interest. Therefore employing nonlinear ARDL may guide us further in this regard.
Overall, these reviews and studies suggest that the EKC hypothesis is a complex and context-specific relationship that varies across countries, regions, and pollutants. While the relationship between economic development and environmental degradation may eventually turn positive, this turning point is influenced by many factors, including government policies, technological advancements, public awareness, and cultural norms. Further research is needed to better understand the EKC relationship and identify effective policies and interventions to achieve environmental sustainability. According to Jiang et al. (2022), China will be a major consumer of energy, including fossil fuels. However, the country has set a double carbon target to control pollution. Despite a reduction in domestic subsidies by 2020, China’s local market structure has demonstrated resilience. China has increased its use of clean energy, including solar panels, by 15.7% compared with 2019 (Bhuiyan et al., 2022). To support its destination of limiting carbon dioxide release before 2,030 and accomplishing carbon neutrality by 2,060, China has set a target of reaching 1,200 gigawatts (GW) of installed wind and solar power capacity by 2,030, which is almost double the current 635 GW capacity. Thus, it will be interesting to assess the clean energy with trade and output for environmental degradation in China.
Therefore, the present work attempts to cover the literature gap for China using CO2 equivalents, GDP, clean fuels, fossil fuel and trade.
3 ANALYTICAL FRAMEWORK AND DATA DESCRIPTION
Initially, as a country’s energy use and trade activity increase with economic development, environmental degradation may also increase. However, beyond a certain threshold, as the country becomes more economically advanced, environmental degradation may begin to decrease even as energy use and trade continue to grow.
Mathematically, the EKC can be represented by the following equation:
[image: Please upload the image you'd like me to create alt text for.]
where E represents environmental degradation (e.g., pollution), Y represents GDP or economic development, and f() represents some function of the relationship between the two variables. In the case of energy and trade, the equation could be extended to include additional variables such as energy consumption (EC) and trade openness (TO):
[image: To generate alternate text, please provide the image by uploading it or sharing a URL link.]
The specific functional form of f () is not well established and may vary depending on the context and the environmental indicator of interest. However, some studies have suggested that the EKC relationship may be characterized by a quadratic or cubic polynomial function, suggesting that the relationship between economic development, energy use, trade, and environmental degradation may not be linear.
[image: Regression equation showing E equals β sub zero plus β sub one Y sub one plus β sub two Y sub two plus β sub three EC plus β sub four TO plus ε.]
In this equation, E represents the dependent variable (pollution measure with CO2 equivalents), while Y, EC, and TO represent the independent variables of GDP, energy (fossil and clean fuels) and trade openness. The β₀, β₁, β₂, β₃, β₄ are the coefficients that represent the effect of each predictor on the response variable. Finally, ε represents the random error term that accounts for the variability in the response variable that cannot be explained by the predictors. The squared terms capture the potential non-linear relationship between the independent variables and environmental degradation.
3.1 Theoretical connection with asymmetric effects
In the NARDL framework, by incorporating the concepts of asymmetric effects, we can examine how the relationship between trade, clean energy, and the outcome variable changes concerning positive and negative changes in these variables. For example:
3.1.1 Positive shock in trade
A positive shock in trade could lead to increased economic activity, which might benefit the outcome variable positively. However, it could also introduce challenges such as heightened competition or exposure to external market fluctuations, which might have a negative impact on the outcome variable.
3.1.2 Negative shock in trade
Conversely, a negative shock in trade could temporarily reduce economic activity, potentially affecting the outcome variable negatively. However, this might also lead to the implementation of policy measures or increased domestic focus, which could have positive effects in the long run.
3.1.3 Positive shock in clean energy
An increase in the use of clean energy might have positive impacts on the outcome variable, such as reduced environmental degradation or increased investments in sustainable technologies. However, the initial costs of clean energy adoption could temporarily affect the outcome variable negatively.
3.1.4 Negative shock in clean energy
A negative shock in clean energy might hinder progress in sustainability efforts and negatively affect the outcome variable. However, this could also prompt the exploration of alternative clean energy solutions or policy interventions to incentivize clean energy usage, leading to positive effects in the long term.
The study used annual time series of data of carbon dioxide equivalents to measure pollution, GDP at constant dollar prices to measure production, fossil fuel and clean fuels in kilotons of oil equivalents and merchandise trade to GDP ratio at constant US dollar prices to measure trade openness from the period 1990–2020 for China (Table 1). The data for these variables have been obtained from World Development Indicator (2023). We have selected this period considering the Kyoto Protocol of 1987 to reduce environmental degradation as well as the availability of all the variables for this time frame. The technical contribution of the present works rests in the adoption of EKC function with using CO2 equivalents and clean energy with other variables employing NARDL model.
TABLE 1 | XXX.
[image: Table displaying variables with units of measurement and their data sources. Variables include greenhouse gas emissions, GDP, capital formation, trade ratio, renewable energy addition, and fossil fuels energy. All data is sourced from the World Bank's 2022 World Development Indicators.]Clean energy refers to forms of energy that are not derived from carbohydrates and do not release carbon dioxide during their generation. This category encompasses various sources such as hydroelectric power, nuclear power, geothermal energy, and solar power, among others. The indicator used to assess the proportion of clean energy in relation to total energy consumption is termed “Alternative and nuclear energy (% of total energy use)” according to the World Bank as the data source.
4 METHODOLOGY
The present section discusses the econometric method employed in the paper. The steps of unit root, co-integration and NARDL have been used to find the dynamics relationship among the model. Equations 1–6 are applied to estimate the model in next section.
4.1 Unit root
As a first step, it is recommended to test the non-stationarity of the times series of the model. For series having deterministic elements in the shape of a constant or a linear trend; Elliott et al. (1992) a.k.a ERS formulated an asymptotically point optimum test to discover a unit root. The test is an asymptotically point-optimal test for the presence of a unit root in a time series. A unit root refers to a characteristic of a time series in which the mean and variance of the series are not constant over time, but instead grow at a rate that is proportional to the time index. The ERS test is based on the idea of testing a linear time trend against a stationary alternative hypothesis. So we used this ERS test reported in Table 2.
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TABLE 2 | Descriptive statistics.
[image: Statistical table displaying data for variables: COE, Y, CF, FF, and TO. It includes mean, median, maximum, minimum, standard deviation, skewness, kurtosis, Jarque-Bera, and probability for each variable. Observations count is thirty-one.]In this equation, the variable yt represents the time series being analyzed, Δyt represents the first difference of yt (i.e., the difference between consecutive observations), α is the intercept term, β is the coefficient on the lagged level of yt, γ represents the coefficient on the lagged first difference of yt, δ1, δ2, δp-1 are the coefficients on the lagged levels of yt, and εt is the error term at time t.
4.2 Co-integration test
The second place in the journey of examination is the potential estimation of the long run connection among the time series of the model presented in previous section. The study employs the test of Hansen (1995) parameter instability as well. The Hansen co-integration test is an extension of the standard Johansen co-integration test, which is a widely used method to test for co-integration. The Hansen test is considered more powerful than the Johansen test in certain cases, particularly when there is a small sample size. We have used the nonlinear ARDL bound test to test the potential long run relationship amid variable as well.
5 FULLY MODIFIED OLS AND NON-LINEAR ARDL
The equation for FMOLS is as follows:
[image: Mathematical equation representing a linear regression model: \( Y_t = \beta_0 + \beta_1 X_{1t} + \ldots + \beta_k X_{kt} + \epsilon_t \). Equation is labeled with number five in parentheses.]
where: yt is the dependent variable at time t. x1t +. + xkt are k independent variables at time t. Β’s are the parameters to be estimated. εt is the error term at time t.
The FMOLS estimator modifies the OLS estimator by including lagged values of the dependent variable and the independent variables as regressors. The equation for the FMOLS estimator is as follows:
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where: α is the coefficient on the lagged dependent variable in natural log, lnyt-1. γ is the coefficient on the lagged independent variable in natural log, lnxᵢt-1.
The FMOLS estimator uses instrumental variables to address endogeneity and adjusts the error term for autocorrelation. It is commonly used in time series analysis to estimate the long-run relationships between variables.
Equation 7 is a Nonlinear Auto-regressive Distributed Lag (NARDL) model. It relates the natural logarithm of CO2 equivalent emissions [ln(CO2eqv)] to various explanatory variables, such as the natural logarithm of energy consumption [ln(CE)], the natural logarithm of GDP [ln(GDP)], and the natural logarithm of trade [ln(t)]. The equation includes several interaction terms and squared terms to capture potential nonlinear relationships between the variables. The coefficients (b1, b2, …, b9) represent the estimated effects of the corresponding variables on ln (CO2e), while “a” represents the intercept term. The error term “e” captures the unexplained variability in the model.
Overall, the equation aims to quantify the relationship between ln(CO2e) and the explanatory variables, accounting for potential nonlinear effects and the dynamics of the relationship over time. The NARDL model allows for asymmetry, meaning it can capture different effects of the explanatory variables during periods of increasing or decreasing CO2e emissions.
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The terms with squared logarithms (powers of 2). These terms allow for non-linearity and potential interactions among the variables in the model. Equation 7 allows for capturing potential nonlinear effects through the squared terms and interactions, and the dynamics of the relationship over time due to the inclusion of lagged variables.
The NARDL model is valuable because it allows for the exploration of asymmetry, meaning it can capture different effects of the explanatory variables during periods of increasing or decreasing CO2e emissions. This feature is particularly important when studying environmental phenomena, as the relationships between variables may not always be symmetric over time. NARDL allows for separate estimation of positive and negative changes in explanatory variables, offering insights into how upward and downward movements in environmental factors (e.g., trade) differently impact environmental degradation, which the linear ARDL cannot capture. This provides a more realistic and nuanced understanding of the EKC dynamics.
The estimated coefficients and their significance provide insights into the strength and direction of the relationships between the variables in the model.
8 RESULTS AND DISCUSSION
The present section discusses the findings of the estimated model. The steps involved has been followed as per methodology section. Firstly Table 2 discusses the descriptive statistics of the selected variables. It is clear that mean value of each series are closely associated. Also, it is evident that there is no issue of outlier in the data as per median, minimum and maximum values of the variables.
The value of Jarque-Bera test of normality accepts the null hypothesis that CO equivalents, GDP(Y), clean fuel (CF), fossil fuel (FF) and trade openness (To) are normally distributed. This means that sample of these variables comes from a normal distributed data of the population.
In the next step, a unit test has been applied to calculate the order of integration of the variables. The results of the ERS test are present in Table 3. The results reveal that COE, GDP, fossil fuel, clean fuel and trade openness are non-stationary at levels at 5% or 10% level of significance. It is however clear that at first difference, these variables are found stationary or integrated of order zero. Thus, it is found that these variables are integrated of order one or I (1) process.
TABLE 3 | ERS/ADF-GLS unit root test.
[image: Table comparing variables GDP, COE, F.F, C.F, and T.O with columns for Level, Critical, Difference, and critical values. GDP shows -0.19 (Level), -1.95 (Critical), -2.18 (Difference), -1.95 (critical). COE shows -1.14, -1.95, -2.24, -1.95; F.F shows -1.18, -1.95, -2.40, -1.95; C.F has 0.24, -1.95, -5.29, -1.95; T.O shows 0.04, -1.95, -3.31, -1.95. Asterisks indicate significance levels of 10% and 5%.]Before applying regression models, it is essential to assess whether the data series exhibits linearity or non-linearity. To ascertain the non-linear patterns within the variables under consideration, we employ the BDS (Brock, Dechert, and Scheinman) test for independence, as proposed in the work by Brock et al. (1996). The three dimensions in the BDS test refer to time-series data: (1) m2 the embedding dimension, representing the number of past observations used to predict future values, (2) m3 the distance metric, which measures the closeness between points in phase space, and (3) m4 the length of the series, which affects the accuracy of the test. These dimensions help detect non-linear dependencies in the data. The results, which are presented in Table 4, demonstrate that all the underlying variables exhibit non-linear dependence across all embedding dimensions.
TABLE 4 | Results of BDS test.
[image: Table showing variables COE, CE, t, and GDP against dimensions m equals 2, 3, and 4. Values are 0.15*, 0.251*, 0.331* for COE; 0.191*, 0.33*, 0.411* for CE; 0.181*, 0.322*, 0.401* for t; 0.174*, 0.196*, 0.365* for GDP. Asterisk indicates 5% significance.]Likely, in the next step, we estimated the Hansen co-integration test for the potential long run equilibrium relationship among the selected variables in Table 4.
We employ a methodology of moving from a broader-to-narrower approach when choosing the appropriate Nonlinear Autoregressive Distributed Lag (NARDL) model. Our initial exploration involves setting the maximum lag lengths as p = q = 4. This procedure allows us to systematically investigate potential asymmetric long-term co-integration connections within the series. To accomplish this, we utilize the Fpss test introduced by Banerjee et al. (1998), as well as the tBDM test developed by Pesaran et al. (2001), as recommended by Shin et al. (2014).
The outcome outlined in Table 5 demonstrates that there is indication of co-integration among the selected series of the model at 5% level of significance. Therefore, we conclude the existence of a valid asymmetric long-run relationship between pollution, trade, clean energy, and GDP.
TABLE 5 | Results of hansen co-integration test and NARDL bound test.
[image: Table showing statistical results with columns labeled "Lc statistic," "Stochastic Trends (m)," "Deterministic Trends (k)," "Excluded Trends (p2)," and "Prob." Key values include Lc statistic 0.955449, trends 5, 2, 1, probability 0.088, and asymptotic test results. Co-integration is confirmed for both Fpss and tBDM with statistics 12.257 and -6.34, respectively.]In Table 6, clean energy (CE) variable represents the first difference of the logarithm of CE (clean energy). It has a coefficient of 0.0250, indicating that a one-percent increase in CE is associated with a 0.0102 percent decrease in the dependent variable environmental degradation. This is also evident that one percent decrease of clean energy will lead to increase the pollution by 0.015 percent. Therefore, positive and negative values have different effects on pollution in the model. It is however interesting that taking the CE square will lead to reduce the environmental degradation at latter stages when economy adapts and indigenize the clean energy into the economy. This also means there is nonlinear relationship among the clean energy and environmental degradation. The affiliation between a positive/negative shock to the environmental condition and CE corroborates a negative/positive, less elastic, and significant link at the 1% significance level. It is inferred that more clean energy will reduce the pollution in China. Consequently, any strategy in China intending to grow the level of clean energy will contribute to control pollution. This is because at lower level of clean energy share, pollution cannot be reduced significantly and therefore, country should increase the energy share of these clean fuels, ceteris paribus.
TABLE 6 | Results of NARDL model.
[image: A statistical results table for a model with variables including intercept, diff_log_CE, diff_log_GDP, and others. Columns include Estimated Coefficient, Standard Errors, t-value, and Pr(>|t|). The ECT-1 coefficient is bolded at -0.51 with a standard error of 0.0731 and a t-value of -7.28.]GDP variable represents the first difference of the logarithm of GDP. It has a coefficient of 0.2259, suggesting that a one-percent increase in GDP is associated with a 0.2259 percent increase in the dependent variable. The value of GDP square is −0.15 but insignificant indicating the at higher level of economic prosperity, the country needs to adopt clean technologies to reduce pollution, ceteris paribus.
diff_log_t: This variable represents the first difference of the logarithm of t (trade openness). It has a coefficient of −0.312 when positive values considered, indicating that a one-unit increase in t is associated with a −0.31 percent decrease in the dependent variable (pollution). This implies that as trade increases, it could reduce environmental pollution. This is because of the composition effect of trade which suggests that labor intensive economies will emit less pollution, ceteris paribus (Shakeel and Ahmed, 2021). However, the negative value of trade shows that a one percent decrease in trade will increase the pollution by 0.124 percent. Therefore, positive and negative values of trade have asymmetric effect on pollution with a different magnitude. These estimates are helpful in policy guidelines for environmental degradation.
The affiliation between a positive/negative shock to the pollution and trade indicates a negative/positive, elastic, and significant link at the 1% significance level. It can be inferred that any rise in trade will reduce the pollution in China. Thus, any policy in China targeting at growing the level of trade will contribute to control pollution. This is because trade could impact the environmental condition by scale effect, composition effect and technique effect. The existing estimate supports the technique effect as using clean technology is indicative of improving environmental degradation.
log_CE_squared, log_GDP_squared, log_t_squared: These variables represent the squared terms of CE, GDP, and t, respectively. Their coefficients are −0.3356, −0.1580, and 0.3860, respectively. These coefficients indicate the relationship between the squared terms and the dependent variable, considering potential non-linearities.
The coefficient (−0.51) represents the error correction term. It indicates the speed at which the dependent variable adjusts towards its long-run equilibrium relationship with the independent variables. In this case, a value of −0.51 suggests that environmental pollution corrects about 51% of the disequilibrium in each period. This means that in the long run, all the variables are significant to contribute towards the equilibrium level of pollution, ceteris paribus.
Clean energy and trade openness are also significant to improve the environmental degradation. Thus, it is clear the clean energy which is among the SDG 7 and climate which is SDG 13 targets can be achieved using clean energy and promoting trade of the economy. Also, there are forward and backward linkages of trade through which a country can enhance economic activity and environment through technology spillover (Cagler, 2023; Rehman et al., 2023).
The use of cleaner fuel sources is associated with reduced pollution, while international trade are also associated with better environmental quality as per NARDL estimates. The magnitude of clean fuel is not as per expectation as country is cultivating the culture of clean fuel recently while share of fossil fuels is huge.
In the last step, we estimated that long run estimates using the fully modified OLS methods as per methodology section (Table 7). The dependent variable in this model is likely to be a measure of environmental quality (carbon emissions), while the independent variables are GDP, Clean fuel, Fossil fuel, Trade, and a time trend (@TREND).
TABLE 7 | Results of Fully modified OLS.
[image: Statistical table displaying regression results for CO₂ emissions (CO₂E). Variables include GDP, GDP squared, clean fuel, fossil fuel, trade, constant, and trend. The table provides coefficients, standard errors, t-statistics, and p-values. Key coefficients: GDP (-8.2119), GDP squared (0.1580), fossil fuel (3.1748), and trend (-0.0727). All variables, except clean fuel, have significant p-values of 0.00, indicating strong statistical significance. Clean fuel has a p-value of 0.01.]The coefficient estimates of the independent variables suggest the following: GDP has a negative coefficient (−8.211914), implying that environmental quality decreases with economic growth initially. GDP^2 has a positive coefficient (0.157951), indicating that there is an inverted U-shaped relationship between economic growth and environmental quality, consistent with the EKC hypothesis. The coefficient estimate suggests that environmental quality improves after a certain level of economic development is reached. Clean fuel has a positive coefficient (0.040428), implying that the use of cleaner fuel sources is associated with increased Coe emission. This could be due to the higher initial cost of clean fuel and use of pollution related process in the development of clean fuels (see Shakeel and Iqbal, 2014; Shakeel, 2021a; Shakeel, 2021b). The value of the clean fuel is smaller implying for the smaller share in the economy of China relative to fossil fuels. Likely, Fossil fuel has a positive coefficient (3.174775), suggesting that the use of fossil fuels is associated with worse environmental quality. Trade has a positive coefficient (3.880556), indicating that international trade is associated with worse environmental quality. The time trend variable (@TREND) has a negative coefficient (−0.072674), implying that environmental quality has been improving over time. The standard errors, t-statistics, and p-values provide information on the statistical significance of the coefficient estimates. All the independent variables have statistically significant coefficients at the 5% level of significance.
The co-integration-based graph of residuals from the estimated NARDL model also confirms the existence of long run relationship as there is a stationary pattern of the residuals (see Figures 1, 2). We have employed both the cumulative sum (CUSUM) and cumulative sum of squares (CUSUMSQ) tests to assess the consistency of the regression. The outcomes presented in Figure 2, indicate that the blue line remains within the 5% critical threshold. This implies that the estimated NARDL model demonstrates stability.
[image: Line graph depicting residuals, actual, and fitted values over time. The residuals are shown as a blue line with fluctuations around the zero line. The actual and fitted values are represented by overlapping red and green lines, indicating close similarity. Time is on the x-axis, and values are on the y-axis.]FIGURE 1 | Estimated residual.
[image: Two charts depict CUSUM tests from 2017 to 2020. The left chart shows CUSUM values within red 5% significance bounds. The right chart displays CUSUM of Squares, also within significance bounds. Both show stability in the data.]FIGURE 2 | CUSUM and CUSUMQ PLOT of estimated residuals.
9 CONCLUSION AND IMPLICATIONS
This research investigates the effects of various factors, including GDP, clean and fossil fuels, and trade, on CO2e emissions in China. Specifically, it explores the potential for clean fuel to mitigate pollution and promote sustainability. The study utilizes time series data from 1990 to 2020 and employs NARDL AND FMOLS methods. Based on the NARDL regression results, we can conclude that GDP have a significant postive impact on CO2e emissions. This suggests that economic growth and development are associated with higher levels of pollution. Additionally, the use of clean fuels has a small but significant negative effect on CO2e emissions, while the negative values of clean fuels haave a significant positive impact on emissions. The variable for trade also corroborated the same patterns on CO2e emissions, indicating that countries that engage in more trade may have lower levels of pollution in the long run. Finally, the trend variable indicates a decreasing trend in CO2e emissions over time.
Clean fuel is a type of fuel that produces fewer harmful emissions when burned compared to traditional fossil fuels like coal, oil, and natural gas. The use of clean fuels can potentially contribute to reducing environmental degradation and pollution. However, the effectiveness of clean fuels in reducing pollution levels largely depends on the type of fuel used and the way it is produced and transported. For example, biodiesel can reduce emissions of carbon monoxide and particulate matter, but it can also lead to increased emissions of nitrogen oxides and other harmful substances. Thus, the smaller value of coefficients implies that country still need to increase the share of these clean fuels in China.
When it comes to the EKC hypothesis, the use of clean fuels could potentially accelerate the process of reaching the turning point where environmental degradation begins to decline. However, it is important to note that clean fuels alone are unlikely to be sufficient to address the underlying causes of environmental degradation. Other measures, such as regulatory policies, public awareness campaigns, and investments in sustainable technologies, will also be necessary to achieve long-term environmental sustainability.
The findings highlight the importance of considering the interplay between economic growth, clean energy, trade openness, and environmental degradation. By adopting targeted policies and sustainable practices, countries can achieve the Sustainable Development Goals related to clean energy (SDG 7) and climate action (SDG 13), while promoting economic growth and environmental sustainability.
The policy implications of this analysis are as follows:
	• Promoting clean energy adoption: Governments should prioritize policies that encourage the use of clean energy sources. This can include subsidies, tax incentives, and research and development funding for renewable energy technologies. By indigenizing clean energy into the economy, countries can reduce environmental degradation and move towards sustainable development.
	• Implementing sustainable economic policies: As countries strive for economic growth, it is crucial to adopt sustainable economic policies that consider environmental implications. This can involve promoting resource efficiency, circular economy practices, and sustainable consumption and production patterns. Balancing economic growth with environmental sustainability is essential for achieving long-term environmental quality.
	• Enhancing trade policies: Governments should aim to create trade policies that promote environmentally friendly practices. This can involve integrating environmental standards and regulations into trade agreements, encouraging eco-friendly industries, and supporting sustainable supply chains. By leveraging trade openness, countries can benefit from technology spillovers and improve environmental quality.
	• Continued monitoring and research: Environmental policies should be based on robust monitoring and research. Regular assessment of environmental indicators and their relationship with economic variables is crucial for informed policy decision-making. Ongoing research should focus on understanding the non-linear dynamics between economic growth, clean energy adoption, trade openness, and environmental degradation.

The present study is limited in the context of not using other economic and environmental variables like biodiversity, water quality etc. These variables could be of much help in understanding the complex nature of economic-environmental dynamics in China and other regions of the world. Additionally, considering sector-specific analyses could provide more granular insights into how different industries contribute to or detract from environmental sustainability. Notwithstanding, this is a future direction of the present work.
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Environmentally sustainable and economically viable process and energy systems are imperative to a successful energy transition. Often, design configurations are derived from a global perspective, in which the individual needs and interests of actors within the system are overlooked. This work proposes an approach for designing a system considering its entire scope and acknowledging the individual actors within the system. System solutions are generated from the perspective of a universal decision-maker who is aware of the whole system, and the obtained solution space is analyzed regarding implications for the individual actors. Thereby, prices of internal exchanges between actors that would allow for the realization of the optimal integrated system solution while granting each actor their economic objectives are derived. The approach is demonstrated in three distinct case studies varying in size: a bio-based industrial site, a renewable energy community, and a national energy system. All case studies yield system configurations allowing the actors to profit from economic benefits emerging from synergies from internal cooperation. Further research must delve into diverse system settings and actor paradigms to enhance the robustness and applicability of the derived insights.
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1 INTRODUCTION
The synthesis and operation of process and energy systems is a highly complex task that is often addressed with optimization-based approaches. In the context of the energy transition, it is crucial that systems are well integrated, profiting from efficient resource exploitation and synergies between actors in the system. Particularly with regard to renewable electricity availability, efficient interaction between entities involved in power generation, consumption, and storage is essential.
The application of optimization-based approaches can result in different ways of dealing with a problem that involves multiple actors, which perspective to take, and what the scope of the problem formulation should be. One option is to identify solutions from the centralized perspective, often applying multi-objective optimization (MOO), where multiple conflicting objectives are considered simultaneously to find a set of Pareto-optimal solutions (Wang et al., 2020). Previous studies feature a wide range of applications from generation expansion modeling (Luz et al., 2018) to the design of hybrid and renewable energy systems (Zou et al., 2010; Clarke et al., 2015) and long term energy system planning (Prebeg et al., 2016). Furthermore, energy system planning in consideration of uncertainty (Di Somma et al., 2018) is presented, as well as the analysis of system integration opportunities within community energy systems (Koirala et al., 2016). Solutions obtained from system-level optimization approaches are usually well-integrated, but lack a guarantee of feasibility, as the effect posed on the actors inside the system might not meet their demands (Schnidrig et al., 2023). Although optimal from a system and integration perspective, some local stakeholders and partners might be faced with subpar solutions, which increases their reluctance to accept those designs (Wang et al., 2020; Schär and Geldermann, 2021). Consequently, optimization of the overall system is coupled with multi-criteria decision-making (MCDM) techniques in order to account for preferences of different actors involved in a system (Wang et al., 2020; Schär and Geldermann, 2021). MCDM evaluates and ranks alternatives based on multiple criteria reflecting stakeholder preferences. Nevertheless, it can introduce subjectivity through criteria weighting and may face scalability issues in complex systems (Wang et al., 2020). Thus, while MOO provides system-level optimal solutions but may overlook individual needs, MCDM incorporates stakeholder preferences but can be subjective and less scalable. Comprehensive reviews of MCDM for energy system planning are provided by Antunes and Henriques (2016); Kumar et al. (2017) and Alizadeh et al. (2020). An overview of combinations MCDM with MOO for energy system planning is provided by Wang et al. (2020).
When competition between actors requires multi-scale approaches to adequately provide decision support, bi-level optimization techniques are often applied. Application areas of bi-level optimization are capacity expansion modeling (Shu et al., 2024), power system planning (Pozo et al., 2017), market biding problems (Wang et al., 2017), and the analysis of carbon taxation (Martelli et al., 2020). Different formulation approaches for bi-level optimization approaches are available in the literature, depending on the underlying analysis (Shu et al., 2024). In general, bi-level optimization problems consist of an upper and a lower-level problem, where the upper level corresponds to the leader, and the lower level represents the followers (Dempe et al., 2015). Bi-level optimization applied to energy systems modeling usually follows a linear formulation for both upper- and lower-level problems (Shu et al., 2024; Wogrin et al., 2020). The objectives of the lower and upper level depend largely on the application: for capacity expansion modeling, a common objective of the upper level is the minimization of cost, while the objectives on the lower level include the maximization of social welfare. Size and complexity of bi-level models is still limited by high computational efforts (Shu et al., 2024). However, bi-level optimization can illustrate decision-making on two levels and provide valuable support in planning problems involving multiple hierarchical levels.
Furthermore, agent-based modeling (ABM) is widely applied to address competition and misalignment of interests between actors in a system and generates solutions considering all their demands. Each agent acts as an individual entity and has limited knowledge of the state of other agents. ABM simulates the interactions of autonomous agents to capture emergent system behaviors, effectively representing decentralized systems. However, it requires detailed behavioral data and can be computationally intensive for large-scale applications. The method has been particularly applied in grid management, energy system optimization, and supply chain management. Comprehensive reviews are presented by González-Briones et al. (2018) and Roche et al. (2010). Game theory expands the concept of agent-based models by setting a framework for the objectives and interactions between the actors. Thereby, a central entity must decide while anticipating multiple subsystems’ responses. Thus, the leader does not impose a solution on the followers but analyzes the conditions at the systems’ boundaries to identify trade-offs. A common type of leader-follower relationship where a leader makes decisions before a follower is called Stackelberg game (Stackelberg, 2010). They have been widely applied to energy system modeling (Martelli et al., 2020; Kazempour et al., 2011); a review of their application to energy trading among electric vehicles is provided by Adil et al. (2021). Further examples of game theory applications in the energy fields are provided by Yu and Hong (2017) and Sarfarazi et al. (2020). A comprehensive review of applications within the energy system field is provided by He et al. (2020). Game theory models are usually solved with decomposition methods, such as bi-level optimization (Du et al., 2019).
While significant work addresses the design of integrated process and energy systems, the problem is often addressed from the perspective of a universal decision-maker, neglecting the impacts and interests of the individual system actors. However, it is likely that the transition of the energy system towards more sustainability, including the vast penetration of volatile renewable resources, a shift towards alternative technologies such as electric vehicles in the residential sector, and alternative production processes in the industry, will lead to a more decentralized system involving new actors. To activate the full synergistic potential of such highly interconnected systems, it is crucial to consider the interests and needs of these actors when striving for optimally integrated system configurations. As such, the significance of considering heterogeneous actor demands in energy system design has been demonstrated for the development of European energy communities by Lode et al. (2022). However, contributions that account for multiple actors often consider the objective functions of all actors when designing systems, not necessarily leading to the optimal solution from the system perspective.
To address the identified limitations, the presented approach integrates system-level optimization with individual actor preferences, aiming to generate solutions that are both globally efficient and locally acceptable, thus enhancing feasibility and stakeholder acceptance.
The objective of this paper is to present a universal approach that identifies system configurations preferable for involved actors, defines pricing strategies for internal exchanges, and allocates investments among actors. Thereby, the system configuration is chosen from a given set of configurations, emerging from the solutions of a system-level optimization problem. Each configuration is defined by specific investments and flows of materials and energy. By moving beyond the traditional vision of a global optimum, our method identifies potential opportunities and trade-offs of system-optimal solutions for involved actors, allowing for the analysis from different perspectives. Thus, the benefits of integration can be quantified from the perspective of the different actors, while respecting system optimality. The methodology combines the advantages of previously discussed methods — such as the system-level optimization of MOO, the stakeholder inclusivity of MCDM, and the actor-specific focus of ABM — without their respective limitations.
It is worth noting that the initial research activities that led to this work are part of the thesis (Chapter five) of one of the authors (Granacher, 2023), where synergies between an industrial site and a residential district are discussed in the context of an integrated energy system. While our previous research activities aimed towards providing insights regarding potential synergistic effects for one specific multi-actor system, the research presented herein expands on the previous approach and generalizes it to any multi-actor energy system, demonstrating its relevance for addressing different challenges related to the energy transition. The developed methodology is described in the following sections, and its universal applicability is demonstrated on three case studies, varying in size and complexity. These case studies illustrate how different systems — with unique actors, flows, and investment decisions — can be analyzed using our proposed method to identify preferable system configurations and adequate pricing strategies for internal exchanges. The first case involves a bio-based industry and a residential district, showcasing how a symbiotic association reduces costs and emissions. The second case examines a renewable energy community, reflecting the exchanges and benefits among owners, renters, and utility companies. The third case applies the methodology to the Swiss energy system, providing insights into equitable cost and benefit distribution across diverse stakeholders.
2 METHODS
For a given superstructure, which in this context is a system model encompassing all possible installations and flows between actors within the system, a selection of design configurations on the system level is generated. For this purpose, an optimization problem is solved, considering the overall system performance in the objective. Different strategies can be applied to generate a multitude of optimal system-level design configurations. For instance, a multi-objective formulation with varying objective weights or an [image: Please upload the image or provide a URL so I can generate the alternate text for it.]-constraint formulation can be applied, or parameters of the optimization problem can be varied to generate a diverse solution space of different configurations. In the case studies presented in this paper, different approaches are demonstrated. Each obtained system configuration features unique design characteristics, potentially making it interesting to a decision-maker or system actor.
After the initial solution generation, a second optimization problem is formulated to choose from the given set of obtained system configurations [image: Mathematical expression showing the element of relation, with a lowercase "s" followed by the symbol "∈" and an uppercase "S".], and to determine the prices of internal exchanges between actors. In the presented formulation of this second optimization problem, decision variables are denoted as lower-case bold Latin letters, and parameters as lower-case Greek letters. Sets are denoted in upper-case bold Latin letters, and set members in lower-case Latin letters. Relevant parameters, variables and sets are summarized in Table 1 and the framework is illustrated in Figure 1. For each actor [image: Mathematical expression showing \(a \in A\), indicating that element \(a\) is a member of set \(A\).] of the system, the total cost they are subjected to is defined by the annualized investment cost and operating cost, including buying and selling of resources [image: Mathematical notation displaying the symbol \( r \in \mathbb{R} \), indicating that the variable \( r \) is an element of the set of real numbers.], as well as cost for potential maintenance they need to account for (Equation 2).
TABLE 1 | Elements of the mathematical formulation of the optimization problem.
[image: Table outlining sets, parameters, free variables, and binary variables relevant to a resource flow system. Sets include actors, objective actors, investments, resources, and system configurations. Parameters detail costs, flows, prices, and factors relevant to investments and resources. Free variables describe total costs and exchange prices. A binary variable indicates the activation of system configurations.][image: Illustration of three interconnected diagrams with actors labeled. Each diagram shows multiple actors, represented by icons, with arrows indicating interactions between them. The actors are labeled Actor with subscripts. Some arrows are red, others are blue, suggesting different types of interactions or influences. The diagrams are stacked with labels S1, S2, and S3, indicating different stages or layers.]FIGURE 1 | Scope considered in the proposed approach. Each system configuration s is characterized by multiple actors that exchange flows of energy and material among themselves, and with the external market.
In the suggested formulation, [image: Mathematical notation showing the Greek letter zeta with subscripts \(a\), \(a'\), \(r\), and \(s\).] denotes the internal exchange of resource [image: Please upload the image or provide a URL for me to generate the alternate text.] from actor [image: It seems there is an error in your request. Could you please upload the image or provide a link to it? Once you do, I can help generate the alt text for it.] to [image: Please upload the image or provide a URL, and I will help generate the alternate text for it.], in system configuration [image: Please upload the image or provide a URL, and I can help generate the alternate text for it.] at price [image: Mathematical notation showing the tensor component \( c^{op} \) with subscripts \( a, a', r, s \).]. Thus, in this optimization problem [image: Mathematical notation showing the Greek letter zeta with subscripts and superscripts: \( a, a', r, s \).] are parameters originating from the configurations obtained from the system-level optimization, while prices are decision variables. Resources that can not be balanced between actors internally are imported or exported over the system boundaries, denoted by [image: Mathematical expression featuring the Greek letter gamma with superscripts plus one and minus, and subscript a, r, s.]. Resource streams exchanged with the market are distributed to the internal actors over a bundling instance that dictates the external market price [image: Mathematical expression showing gamma subscript r, s, superscript op comma e to the power of plus or minus.] for imported or exported products. Thereby, these market costs directly influence the prices for internally exchanged products. The annual investment that each actor [image: It seems like there is a mistake or the image was not uploaded correctly. Please upload the image or provide a URL, and I will assist you in generating the alt text.] needs to account for in a system configuration [image: Please upload the image or provide a URL so I can help generate the alternate text for it.] originates from the results of the previously conducted system-level optimization and is defined by the sum of cost [image: Mathematical expression showing "y" with subscript "a, i, s" and superscript "inv".] over all investments [image: Please upload the image or provide a URL so I can generate the alternate text for you.] allocated to actor [image: If you have an image to upload, please do so, and I'll help generate the alternate text for it.] in a given system configuration, annualized by [image: It seems there is no image provided. Please upload the image or provide a URL so I can assist you with generating the alternate text.] (Equation 2).
Only one system configuration can be selected, ensured by the binary decision variable [image: If you upload an image or provide a URL, I can help generate alternate text for it. Please do so, and I will assist you accordingly.] (Equation 5). To linearize the optimization problem, Equation 3 constrains the prices of internal exchanges to zero in all configurations but the one chosen by the optimizer, using the binary decision variable [image: Please upload the image or provide a URL, and I will help generate the alt text for it.]. For the selected configuration ([image: Please upload the image you'd like me to generate alternate text for.] = 1), the prices of resources are constrained by the parameterized bounds [image: Mathematical notation showing the symbol for a permeability coefficient, with a subscript "r" and a combined superscript "low/up."].
For solving the problem and generating a set of solutions, the cost function of one actor [image: A mathematical expression featuring the lowercase letter "a" followed by a superscripted circle, representing degrees.] is minimized (Equation 1), while the cost functions of the other actors are constrained by varying parameters [image: Please upload the image or provide a URL so I can generate the alternate text for you.] (Equation 4). Thus, the solutions of this second optimization problem consist of the system configuration selected and the prices for internal exchanges.
[image: Mathematical expression with "min" followed by subscripts "e in S_e^int" and "e in S_e^clot", indicating a minimization problem with respect to specific subsets, labeled equation (1).]
[image: Mathematical expression depicting a constraint equation for total operation cost. It consists of summation terms involving variables such as \( y_s \), \( y_i^a \), \( \tau_{a,i} \), and other indexed variables like \( c_{a,r,s}^{\text{op}} \) and \( \zeta_{a,r,s}^{\text{op}} \), along with parameters \(\gamma_{r,s}^{\text{op}}\) and \(\chi_{a,r,s}^e\). The equation is defined for all elements in set \( A \).]
[image: Mathematical expression denoting constraints with inequalities, where the left side represents the lower bound \(\mu_{r}^{\text{low}}\), followed by \(y_s\), and the right side as an upper bound, \(c_{a,a'}^{op} \cdot \mu_{r}^{up}\). This applies to all \(a\) in set \(\mathcal{A}\), for all \(a'\) in \(\mathcal{A}\), for all \(s\) in set \(\mathcal{S}\), and for all \(r\) in set \(\mathcal{R}\).]
[image: Mathematical equation showing \( C_{\text{lot}} \leq \epsilon_4 \) for all \( a \) in set \( A \) excluding \( a_o \), labeled as equation \( (4) \).]
[image: Mathematical equation showing a summation: the sum of y sub i, from i equals s to t, equals 1. The equation is labeled as number five.]
3 APPLICATION
The method is applied to three different case studies representative of common design problems relevant to the energy transition. Although they vary in size and are related to different fields of application, they all include multiple actors who interact with each other within a system. The following provides an overview of each system. As this paper aims to demonstrate the usability of the developed approach for various applications, the individual case study descriptions are kept short, and relevant related work is referenced for further information.
3.1 Bio-based industry and residential district
Industrial sites that operate on bio-based resources hold the potential to co-produce biofuels and provide waste heat to other consumers, thereby contributing to the reduction of greenhouse gas (GHG) emissions and increasing local resource efficiency. In the presented case study, this opportunity is explored in the example of a Kraft pulp mill and a nearby residential district. With the presented approach, we investigate potential economic and environmental synergies that evolve for individual actors by exploiting cooperation opportunities, while taking favorable system-level configurations in consideration. A detailed investigation of the interaction of a biorefinery with a residential district is available in our previous work (Granacher et al., 2023) and Chapter five of the corresponding thesis (Granacher, 2023). Herein, as the objective is to demonstrate the general applicability of the suggested method, main insights are summarized.
In the conventional configuration used as a reference, the mill co-produces pulp and electricity, whereas the residential district satisfies its heating, electricity and transportation demands by importing resources from the market. In the integrated system, the mill operator has the option to make investments to enable the additional production of biofuels from gasification of the pulping process residues. Furthermore, the option to sell waste heat to a district heating network operator can be explored. The district heating network can be operated either with [image: Equation showing "CO2" with subscript "2" indicating carbon dioxide.] or water as heat transfer fluid. Biofuels produced at the mill can be stored in intermediate storage tanks, electricity can be exchanged in both directions between mill and district. For the residential district, the option to satisfy heating, fuel and electricity demands by alternative means emerging from the interaction with the mill are enabled. Figure 2 shows the considered system in its conventional and integrated state.
[image: Flow diagrams labeled A and B compare energy systems. Both diagrams show inputs of wood and lime kiln fuels entering a mill, producing pulp, and connecting to a residential district. Diagram A shows direct electricity and heating outputs. Diagram B adds a utility operator between the mill and residential district, influencing electricity flow. Solid lines indicate material flow; dashed lines represent system boundaries.]FIGURE 2 | System configurations of pulp mill and residential district. (A) Conventional system of mill and residential district. (B) Integrated system of mill and residential district.
3.1.1 Actors
We consider three actors in our system, the mill operator, the residential district and the operator of a utility network.
3.1.1.1 Mill operator
The mill operator is supposed to produce 1,000 air-dried tons of pulp per day. Pulp and surplus electricity generated during production are sold, while resources required for the production can be purchased on the market.
3.1.1.2 Residential district
The residential district has 85,000 inhabitants. For each inhabitant, domestic hot water, space heating, electricity and mobility demands are taken into account, as further specified in Granacher et al. (2023). Heat can be provided from conventional gas boilers, or through a district heating network. Electricity can be purchased on the market, self-produced from photovoltaic, or provided by the pulp mill. Mobility demands can be satisfied with conventional or bio-fuels.
3.1.1.3 Utility network operator
The operator of the utility network buys heat from the pulp mill and provides it to the residential district. They also have other installations to provide heat to the district. As in the conventional configuration, the mill and the residential district do not interact with each other, there is no district heating network in place and thus no utility operator. The total cost that all actors are subject to is calculated in consideration of the investment they make as well as the operating cost resulting from the exchange of commodities with the market, and with each other.
3.1.2 Initial problem formulation
Initial system configurations are generated by solving a mixed integer linear programming (MILP) problem considering total cost and global warming potential (GWP) as objectives and applying the [image: Please upload the image or provide a URL so I can generate the alternate text for it.]-constraint method. The solutions are generated in consideration of time-dependency of parameters, accounting for the volatile character of electricity availability and prices, as well as the district demands. In order to keep the model at a reasonable size, k-medoids clustering is applied to the set of time-dependent parameters, and four typical timesteps, representing the seasons during a year, are obtained and deployed for result generation.
At each timestep, mass and energy balances need to be closed for each unit in the superstructure; everything that can not be provided system-internally needs to be imported from the market. For more information on the general formulation of this first optimization problem that yields the considered system configurations, the interested reader may consult Kantor et al. (2020); for details about the case study of integrating a pulp mill with a residential district, Granacher et al. (2023) can be consulted.
3.1.3 Configuration generation
For the hereafter presented case study, 20 system configurations are generated with the first optimization problem by varying model parameters that might be subject to uncertainty in the future, such as resource prices, investment cost and environmental metrics of commodities. Sobol sampling is used to generate a parameter distribution, and for each set of parameters, the respective Pareto-frontier for total expenditure (TOTEX) and environmental impact in the form of global warming potential (GWP) is generated.
3.1.4 Adaptations of second optimization formulation towards actor perspective
The obtained system configurations are used to analyze the benefits of integration for the actors of the system by applying the presented approach. For each actor, the investment they make in a given solution is contributing to their cost, as well as the sum of bought and sold commodities, both from the market and from the other actors. In order to generate a set of diverse solutions, the total cost of the mill operator and the payback period faced by the utility operator are constrained, while the cost of the residential district is minimized. The scope of the analysis is summarized in the Supplementary Table S1.
3.2 Renewable energy community
The emerging framework of renewable energy communities, based on increasing decentralized capacities and distributed resources, reveals the need to distinctly consider the allocation of costs among the different stakeholders of the system. The expenditures of these stakeholders, and in particular their distribution over time, can vary significantly depending on the initial investments made and market energy tariffs observed. We thus apply the proposed approach to derive insights on promising pricing strategies of internal energy exchanges that enable potential synergies among actors.
3.2.1 Actors
Three key stakeholders are identified for the renewable energy community, see Figure 3.
[image: Diagram illustrating electricity and financial transactions between utility, renters, and owners. Renters receive electricity from both the utility and owners. Arrows indicate energy flows and payments, with icons representing different equipment scales.]FIGURE 3 | Stakeholders' interactions for renewable energy community application.
3.2.1.1 Renters
Renters (R) are the people who occupy the dwellings, with a corresponding need for domestic electricity and heating. They are portrayed as passive participants in the district energy system, solely engaging in the consumption of end-use energy without the ability to make a choice regarding the building equipment (quality of thermal envelope, heating device) nor to make any investment. Thus, they lack the capacity to exert influence over other stakeholders, and their financial balance always results in a net expenditure of operational costs paid to the Utility (U) [image: Mathematical expression showing a multinomial coefficient with variables \(c\), \(o\), \(p\), \(u\), and \(r\) in a format resembling the binomial coefficient notation.] or to the Owners (O) [image: Mathematical notation illustrating a binomial coefficient, with the uppercase letter C, subscript O, comma R, and superscript OP, enclosed within parentheses.].
3.2.1.2 Owners
These actors are entrusted with choosing the appropriate equipment for their buildings and making the corresponding investment [image: Mathematical notation depicting y subscript o with a superscript indicating "inv".]. They can sell the locally-generated solar electricity either to the Utility [image: Mathematical notation showing a binomial coefficient with uppercase "C" and subscript "O, U," and superscript "OP" enclosed in parentheses.] or to the Renters [image: Mathematical expression showing a multichoose notation: a combination operation represented as \( \binom{\text{op}}{\text{c, R}} \).].
3.2.1.3 Utility
This actor stands for the company responsible for exchanging resources outside the energy community and distributing them inside of it. They can balance local production and demand by purchasing [image: Mathematical expression displaying a gamma symbol with a subscript "U" and superscripts "op" and "e" with a plus sign, enclosed in parentheses.] or selling [image: Mathematical expression depicting a pair of values: \( \left( Y^{\text{op}, e^-}_U \right) \).] commodities outside the energy community perimeter at fixed prices, and can also participate to the internal market by selling electricity to the Renters [image: Mathematical expression showing combinatorics notation, indicating the number of ways to choose certain items from a collection, represented by a "C" with subscripts "U" and "R", and a superscript "op".] or purchasing it from the Owners [image: Mathematical notation showing a combination with the expression "( n, k )", where "n" is in subscript and "k" is in superscript.]. Eventually, they are responsible for the district-scale equipment and have to make the corresponding investment [image: Mathematical expression showing gamma subscript u superscript inv.].
3.2.2 Initial problem formulation
In order to apply the developed approach to investigate internal pricing strategies between actors, the open-source Renewable Energy Hub Optimizer (REHO) model (Lepour et al., 2024) is adapted and used to generate a set of initial system configurations. This model is a decision support tool designed to investigate the deployment of energy conversion and storage technologies in urban systems. It leverages a MILP framework to simultaneously address the optimal design and operation of capacities, catering to multi-objective considerations across economic, environmental, and efficiency criteria. The Dantzig-Wolfe decomposition, an approach based on a master problem (MP) and sub-problems (SPs), is implemented and represents the perspective of the district interface (i.e., transformer perspective) and of each individual building. The SPs decide on the selection and sizing of energy storage and conversion units at the building scale. The conversion units supply the end-use demands of the buildings regarding space heating, domestic hot water, and domestic electricity by converting imported energy carriers or onsite renewable energy. The operation is subject to energy and mass balance at the building scale. The MP applies a second energy and mass balance between the buildings and the imports and exports at the district electricity transformer. This bi-level formulation of the problem is suitable to reduce computational costs and to model actors at different scales. More information on the modeling methodology is available in Middelhauve (2022), Terrier et al. (2024).
3.2.3 Configuration generation
An initial set of typical building energy system configurations is generated by running a multi-objective optimization and varying the weight of capital expenditure (CAPEX) and operating expenditure (OPEX) in the objective function. Each configuration is fully characterized by the decision variables of all the SPs, which are the installed units and their hourly operation throughout a year. It therefore fixes the investments and energy exchanges between buildings and with the district utility.
3.2.4 Adaptations of second optimization formulation towards actor perspective
The actors allocation optimization approach is based on the decomposition method already implemented in REHO. The configurations of the SPs are inserted into the district MP, where a binary decision variable is assigned to each SP configuration. The MP describes the district utility and selects one SP configuration for each building. The objective function of the MP is the minimization of the costs for one particular actor, while the costs of the other actors are constrained with parameterized ε-values. The tariffs for energy imported or exported outside the boundaries of the district are fixed, but inside the district, the tariffs are actor-specific decision variables. The parameterization of this optimization problem is provided in Supplementary Table S1 in the Appendix.
3.3 National energy system
Managing a national energy system like the one of Switzerland involves coordinating various actors, each pursuing different objectives and operating at varying scales. These actors – from consumers to national-level producers and transmitters – contribute to the complexity of energy and financial flows within the system. With increasing integration of renewable energy sources and the emergence of prosumers (consumers who also produce energy), the traditional dynamics between actors are shifting. This evolution presents challenges in achieving an equitable distribution of costs and benefits among all stakeholders, particularly for ensuring that the financial burden does not disproportionately fall on end consumers. The intent of this case study is to identify strategies that ensure a balanced financial impact across all stakeholders, facilitating equitable cooperation in the national energy system. An extended version of this analysis is presented in Schnidrig et al. (2024a), while herein the main aspects are summarized.
3.3.1 Actors
Three key actors in the Swiss energy system are identified; see Figure 4.
[image: Diagram of the Swiss national energy system showing energy input from wood, waste, and biomass to TSO and DSO. Energy flows from TSO (transmission system operator) with high voltage to DSO (distribution system operator) with medium voltage, and eventually to consumers. High temperature and long-distance mobility are connected to TSO, while low temperature and short-distance mobility are linked to DSO. Consumers include industry, service, and household sectors.]FIGURE 4 | Representation of the identified actors and flows for an energy-independent and [image: CO₂ text in subscript format, representing the chemical formula for carbon dioxide. The "O" is slightly lower than "C" and "2" is in subscript next to "O".]-neutral Swiss energy system. The energy flows between the actors are modeled as a multi-level infrastructure. There are four levels for voltage (V) and pressure (P): low (L), medium (M), high (H) and extremely high (EH).
3.3.1.1 Consumers
Consumers are transitioning from passive energy users to active participants, known as prosumers. Prosumers consume and produce energy locally by investing in decentralized energy generation technologies such as PV installations. This shift enables them to influence the energy system and other actors by providing locally-generated energy, reducing reliance on centralized energy sources.
3.3.1.2 Distribution system operators (DSO)
The DSO encompasses entities responsible for managing and distributing energy services at the local level, primarily within cities and districts. These actors operate the local energy grids and ensure the efficient delivery and balance of energy services at low and medium voltage levels. The emergence of prosumers introduces new dynamics for the DSO, requiring the management of bidirectional energy flows and the integration of distributed generation into the grid infrastructure.
3.3.1.3 Transmission system operator (TSO)
The TSO operates at the national level, overseeing energy production and transmission on a broader scale. This actor is critical in balancing the national grid, facilitating energy imports and exports, and ensuring system stability. The increasing decentralization due to prosumer activity affects the operational dynamics of the TSO, necessitating adaptations in investment strategies and coordination with other actors to maintain grid reliability.
3.3.2 Initial problem formulation
To explore strategies for achieving a balanced financial impact among stakeholders, we apply the publicly available EnergyScope model (Schnidrig et al., 2023), which performs global economic optimization of the Swiss energy system for 2050. The model accounts for energy and mass resources’ import and export dynamics, including electricity, methane, hydrogen, gasoline, light fuel oil, coal, and biomass. By representing Switzerland’s energy exchange mechanisms and interactions with neighboring regions, the model allows to examine the implications of different energy system configurations on the identified actors.
This case study focuses on an energy-independent and [image: Chemical formula for carbon dioxide, represented as "CO" with a subscript "2".]-neutral Switzerland in 2050. Market flows are limited to harvesting local resources — such as fossil and biogenic waste, wood, and other biomass — to simulate a self-sufficient energy system. The objective is to investigate how varying degrees of PV penetration impact the roles and costs for each actor and to identify configurations that promote equitable cost distribution without disproportionately affecting consumers.
3.3.3 Configuration generation
Different initial configurations are generated by varying the installed PV capacity from 0 GW to its maximum potential of 50 GW in increments of 2.5 GW, resulting in 20 distinct configurations. These configurations are defined by the selection of harvesting, conversion, and end-use technologies, which facilitate the exchange of energy and mass flows among actors.
The adapted EnergyScope model employs a top-down MILP approach to distinguish between centralized and decentralized technologies as analyzed in Schnidrig et al. (2024b). The installed capacities of energy units and their associated infrastructure are allocated among actors based on their production levels at different voltage and pressure levels. This allocation allows to analyze the impacts of varying PV penetration on each actor’s investments and operational costs within the multi-actor framework.
3.3.4 Adaptations of second optimization formulation towards actor perspective
Once the configurations are generated via EnergyScope, the investments are distributed among the actors, thus revealing different business schemes. In addition, internal exchange flows are associated with the actors concerned. Finally, the total cost of the consumers and TSO are varied between [image: Mathematical expression showing plus or minus one hundred percent.] while minimizing the total cost of the DSO in order to explore the solution space of the internal cost optimization problem. The details of this analysis can be found in the Supplementary Table S1.
4 RESULTS
4.1 Bio-based industry and residential district
An initial set of 20 system configurations is obtained by solving the MILP formulation of the superstructure optimization. The obtained configurations are used to formulate the second optimization problem that determines the prices of internal exchanges as previously described. 500 solutions are obtained by varying the [image: Please upload the image or provide a URL for me to generate the alternate text.]-bounds on the cost of the mill operator and the payback period the utility operator is subjected to. In each of these solutions, the optimizer determines which configuration to use and what the prices for the internally exchanged commodities (heat, electricity, fuels) should be. Figure 5 shows the obtained solution space. Out of the 20 system configurations, five are chosen in the second optimizer problem, out of which two are selected in over 85% of the cases (configurations 6 and 8).
[image: Scatter plot with annotations showing data points on a grid with varying background colors. The color gradient transitions from blue to red, indicating different values. A legend on the right explains color coding and symbol sizes. Axes are labeled with specific numeric ranges.]FIGURE 5 | Economic implications for system actors of bio-based industry and residential district in obtained solution space. Shape indicates the chosen system configuration.
In the most frequently chosen configuration, the mill operator is investing to co-generate biofuels from bark and black liquor gasification and is also investing in carbon capture units (Figure 6). 30% of the black liquor and all of the available bark are gasified, which represents the current upper limits defined in the superstructure optimization problem due to operational limitations. By importing electricity from the grid when it is available at modest prices, biofuel production is enhanced by a co-electrolysis unit, converting [image: The image shows the chemical formula for carbon dioxide, with the letters "C" and "O" indicating carbon and oxygen, and the subscript "2" indicating two oxygen atoms.] and electricity to syngas that can complement fuel production. The produced fuel is used in the residential district for mobility. This electricity import on the mill level increases the overall system-level electricity demand by 100%. Furthermore, waste heat is provided to the district [image: Please upload the image or provide a URL so I can generate the alternate text for you.] a district heating network, operated on [image: Please upload the image or provide a URL so I can generate the alternate text for it.] to exploit cooling opportunities offered to the mill. This way, the self-sufficiency of the system, considering energy demands of mill and residential district can be increased by 18%, whereas the biogenic emissions on the mill site are reduced by 15%. The overall direct fossil emissions of the system are reduced by 50% compared to conventional, non-integrated operation, and costs on the system level – not accounting for internal exchanges between the actors – are reduced by 3%. Depending on how the mill’s and utility operator’s economic performance are constrained, this solution enables a reduction of the economic burden of the residents in the district by up to 40%, compared to the non-integrated operation.
[image: Flowchart illustrating resource and energy flow between a mill and a residential district. Wood enters the mill; pulp exits. The mill uses lime kiln fuels, water, and utility-generated electricity. Electricity output to the residential district is 300 percent, which uses 45 percent for transportation and fuels, and 70 percent for heating.]FIGURE 6 | Integrated system, representing the configuration that is chosen most by the optimization of prices on internal flows.
Overall, it has been shown that by exploiting synergies emerging from cooperation between the considered actors, not only benefits on the system level can be enabled, but also positive effects for the individual actors emerge. Besides the reduction of environmental impact on the system level, economic benefits are enabled by collaboration in this particular case study. It needs to be mentioned that this effect is highly sensitive to the assumed electricity prices and that another system setting might lead to different results regarding promising integration options.
4.2 Renewable energy community
Following the same logic as in the previous case study, an initial set of diverse system configurations is obtained by solving the MILP formulation for an energy community comprising 30 buildings, optimized under a sampling of 10 different tariff conditions, yielding 10 system configurations. Our multi-actor approach is then used to explore the solution space. A total of 50 optimization runs are conducted, always minimizing the Renters portfolio, while simultaneously imposing parameterized ε-constraints on both the Owners’ and Utility’s portfolios. The price of internally exchanged electricity is determined based on the objective of minimizing the Renters’ expenditures while restraining both the Owners’ and Utility’s profits to a specified fraction of their respective maximal value.
Figure 7 displays the obtained solution space. Among the 10 system configurations tested, 3 are consistently recognized as preferred by the model, with a distribution strongly related to the Owners’ expenditures. The expansion of installed PV capacity empowers Owners to sell electricity generated on-site and boost their profits. The Utility has a narrower range of options, primarily involving adjustments to internal electricity pricing. On the other hand, Renters face severe limitations, as reducing their final bill will be at the expense of reducing other stakeholders’ profits. Eventually, it is essential to note that it is not a zero-sum game between the three stakeholders, as imports and exports are permitted beyond the energy community’s boundaries (i.e., the district is not a closed system).
[image: Scatter plot displaying data points differentiated by shapes: circles, triangles, and squares. The background is a gradient from blue on the left to red on the right. A color bar on the right side indicates the numerical range from zero to three hundred. The x-axis is labeled "Channel (33°C [NOEC])" and the y-axis "Variables (Vα[logP])."]FIGURE 7 | Profits and expenditures for the actors of a renewable energy community.
The selected system configurations distinguish themselves mainly on the installed PV capacity, translating directly in electricity export, which ultimately correlates with Owners’ and Utility profits. Indeed, among the existing domain of each system configuration, Owners increase internal market electricity tariffs to raise profit. Then, as internal tariffs reach the limit set by the external market, the system adopts a new configuration with a higher investment in PV capacities and, therefore, with a higher potential at making a profit. The trend is accompanied by a rising use of natural gas. This latter is disadvantageous to Renters, but beneficial to Owners because of the additional solar-generated electricity that can be fed into the Utility.
The decomposition of investment and operational costs for the different configurations is available in supplementary material.
4.3 National energy system
Applying the multi-actor approach to the 20 initial system configurations, we performed a total of 1,500 optimizations using the proposed approach. Not all configurations led to feasible solutions, but among the 20 proposed configurations, five were identified as preferred by the multi-actor model. The selection of configurations varied depending on the actor whose cost was minimized in the objective function of the second optimization problem.
Figure 8 illustrates the solution space when minimizing the total expenditure of the DSO. Configuration number 7, featuring a PV penetration of 38 GW, was chosen as the optimal solution in 83% of the optimizations. The preferred configurations generally correspond to higher levels of PV deployment, situated near the Pareto front at the upper end of the figure. The color coding of the data points represents the cost of the actor considered in the objective function—in this case, the DSO.
[image: Scatter plot showing the relationship between IRSNA Power (%) and IRSB minus IRSNA (degrees), with data points represented by different symbols and colors indicating catch numbers. The background gradient varies from blue at the top to red at the bottom, reflecting the IRSB values on the right.]FIGURE 8 | Solution space for the minimization of DSO total expenditure. The TOTEX changes of the actors represent the feasible range of variation of the ε-constraints.
The increased electricity production from PV installations allows the DSO to trade more resources with the TSO, thereby reducing its own costs. However, this cost reduction for the DSO comes at the expense of the other actors. Since the energy balance is always maintained between the three actors (with no exports), the TSO is required to produce less and purchase the excess electricity generated by the DSO.
The application of the ε-constraint method leads to different cost allocations, representing imbalanced cost distributions among the actors. Specifically consumers who primarily consume energy without opportunities for revenue generation are significantly affected by this relaxation. This outcome is attributed to the fact that the TSO can influence the DSO through resource exchanges, mitigating the direct financial consequences of the DSO’s cost minimization on the TSO.
5 CONCLUSIONS AND OUTLOOK
This paper presents a universally applicable method for identifying promising process and energy system configurations, and defining the prices of flows among actors within the system that make a configuration interesting to all actors. By accounting for both system-level performance and individual actor impacts, the proposed method establishes a robust framework for exploring the complexities and interdependencies inherent in modern process energy systems. It facilitates the design of integrated systems that are both globally efficient and locally acceptable, effectively addressing current energy system questions. Thereby, our integrated approach combines the advantages of existing methods—such as the system-level optimization strengths of multi-objective optimization, the stakeholder inclusivity of multi-criteria decision analysis, and the actor-specific focus of agent-based modeling. The method was demonstrated on three case studies of varying sizes and complexities. These case studies illustrated how different process and energy systems can be analyzed using the proposed method, showcasing the method’s flexibility and broad applicability rather than being the main focus of the presented research.
It is important to note that the presented approach is based on the assumption that the involved actors agree on the acceptable bounds for their respective target indicators before determining the internal pricing strategy. For example, this could include agreeing on a maximum acceptable payback period for the investment realized by a specific actor. The approach was initially developed for scenarios where one actor represents a community of multiple stakeholders whose costs are minimized, while others are companies or municipalities with rather long-term planning horizons. We considered that this setup would allow the actors to agree on strategic objectives prior to defining the pricing strategy for collaboration. However, while the approach does not necessarily result in pricing strategies where the maximum acceptable target limitations are reached, it is likely that not all actors will agree on targets in advance. Nevertheless, in this case the approach could still be used in identifying the maximum potential gains for each actor by redefining the considered hierarchy of actors in the optimization problem. This could then inform a productive discussion on potential trade-offs in developing a pricing strategy.
Future work will involve applying the method to compare different business models with various financing and remuneration schemes, thus balancing the interests between different actors. The presented method provides a foundation for further research to delve deeper into the fine-tuning of integrated, multi-actor systems, exploring additional scenarios, technological integrations, and policy implications.
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of CO, equivalent Development Indicators

Real economic GDP at constant 2015 | World Bank (2022) World

US dollars to measure economic Development Indicators
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Capital formation/GDP at constant ‘World Bank (2022) World
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stock
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Addition of renewable and World Bank (2022) World
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Fossil fuels energy in KT of oil World Bank (2022) World
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energy
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Debt 4816 05108 0.1858 00156 05285 1.6499
Q [ 4816 17944 11952 07418 14642 19.824

k P | 5053 00268 00751 -1.6479 00276 03721
c [ 5053 06371 05409 00077 05075 S

or [ 5053 35.9529 145263 362 34 89.99
DP [ 5053 03690 00629 01818 03333 0.75
c 5053 00902 0.1093 00019 00713 48203
Scale [ 5053 02355 02062 0 0.1938 19156
KV 5,053 0.0699 0.0920 0.0008 0.0429 1.0702
hhia [ 4902 02954 02901 00215 01728 1
hhib 5036 02352 02857 00115 01161 52565

hhic | 5,036 02421 02778 00129 01261 1
hhid 5036 02617 02793 00156 01481 1
BZ | 5053 164330 21234 60208 16,6653 223331
sa | 5053 38490 02442 23439 3871 44606
KZ | 4816 13845 19153 -8.3405 | Leon2 11.0302
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Variables (units)

Variable properties

Notati

Definition

Enterprise environmental protection Explanatory variable In_invest | Logarithms of environmental investment data for listed companies

investment (million yuan)

Green investments ($ million) Substitute variables for explanatory Ln_invest2 | Data on the increase in environmental investment are obtained and are

variables in robustness tests normalized to take logarithms; see the work of Zhang et al. (2019a) for

details

Whether the new environmental Core explanatory variables Year 1 for 2015 and beyond, and 0 for before 2015

protection law is implemented

Highly polluting industry or not Core explanatory variables Ind 1 for highly polluting industries, and 0 for non-highly polluting
industries

Financing constraints (100 per cent) Moderator variable SA, KZ The larger the KZ index, the higher the financing constraint, and the
larger the absolute value of the SA index, the higher the financing
constraint

Environmental information Intermediary variable KV, The KV index is the coefficient of the impact of trading volume on the

disclosure (1) rate of return

Enterprise size (billion yuan) Control variable sC Natural logarithm of total enterprise assets

Enterprise debt ratio (100 per cent) Control variable Debt Total assets and liabilities/total assets

Tobin’s Q (100 per cent) Control variable Q Enterprise market value/replacement cost, which is logarithmically
treated in this case

Return on total assets (100 per cent) Control variable P Corporate et profit/total assets

Capital intensity (100 per cent) Control variable a Total business assets/revenue

Shareholding ratio of the largest Control variable opP Shareholding of the largest shareholder/total share capital

shareholder (100 per cent)

Percentage of independent directors Control variable DP Number of independent directors/total number of board members

(100 per cent)

Borrowing size (100 per cent) Control variable Scale Number of borrowings/total assets

Agency costs (100 per cent) Intermediary variable (e Management fees/gross operating income

Government grants ($) Intermediary variable BZ Logarithm of government grants

Industrial competitiveness (100 per cent) | Moderator variable Hhia (b,c,d) | HHI = sum([(Xi/X)2]

Nature of enterprise Moderator variable sTO 1 when the enterprise is a state-owned enterprise, and 0 when the

enterprise is a non-state-owned enterprise
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Variables

did

0.0157 0.0633*** 0.0937*** 0.0814*** | 0.0670***
(154) (6.21) (661)  (1199) | (368)
_cons 0.0677*** | 0.0695*** 0.0802*** 0.0744*** | 0.1278**
(4.90) (5.57) (452) (293) (1.96)
Controls Yes Yes Yes Yes Yes
City FE | Yes Yes Yes Yes Yes
Year FE Yes Yes | yes ves Yes
R 0.0894 0.1142 0.1363 0.1384 0.1077
Note: “Q” is the percentile of the ESACG.
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Variables
did
_cons

Controls
’ City FE
Year FE
Observations

r

M

Pioneering
00352
(-2.09)

06455

(090)

Yes

Yes

Yes

3010

00242

Cross-regional

0.0705*+*
(5.11)
0.2831

(0.99)

Yes

Yes
Yes
3,430

0.0661

(€))

Regional demonstration

00894

(4.13)

06905

(1.00)

Yes
Yes
Yes
3234

00310

@)

Big data infrastructure-integrated

00277
0.97)
06875
(097)
Yes
Yes
Yes
3,080

0.0200
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(1)

Efficiency Efficiency
Average 15877 (5.5964) 0.8587** (2.2565)
Differential 22433 (7.1548) 0.2733 (0.3527)
Cluster No Yes
Model GRE GRE
N 3,892 3,892

Note: THS sviragie efect of the policy wis estimated tising tha seniralized iandorm forése (GRE) model: snd thé detult valiies: for the velvanit pavanietars-wers applisd.
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Variables ) (€} (6)

Efficiency Efficiency Efficiency
did 00101 00635 00079 00635 -0.1122% 0.0633**
‘ (0.54) (5.23) (0.68) (518) (172) (5.09)
Inis oo |
| (-0.08)
Eue | | oo
| (-0.33)
Ingti | [ -0.0016
(-0.23)
_cons 355220 03090 | —oas7s 02065 -2.0088 oo
(11.79) (1.00) (-155) (1.10) (-1.19) (11
Controls Yes Yes | Yes | Yes Yes Yes
City FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes [ Yes ' Yes Yes Yes
Observations | 3892 3,892 3892 | 3892 3,892 73,392
R 00824 00759 ooz oo 02932 00773
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Variables

(1)

Joint fixed effects

(2)

Lag one period

(€)]

Exclude special cities

did 01632+ 0.0603*** 0.0711%%*
I (100.75) | (4.68) (5.35)

_cons | 0.1826 -00129 03958

| (0.91) (-0.06) | (1.42)

‘ Controls Yes Yes Yes

City FE Yes Yes Yes

Year FE Yes Yes Yes

Observations 3,892 3,614 | 3,402

R | 0.0490 0.0835 0.0730
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Variables (1) @ 4)
Efficiency  Efficiency  Efficiency  Efficiency
did 00635+ 0,069+ 0.0574°** 00604
(524) [ (5.24) (4.72) (4.89)
bd ~0.0076 ~0.0081
(-0.64) | (-0.68)
sc 00117 00128
(097) (1.05)
ap ~0.0098 ~0.0160
| (-0.95) (-1.50)
et -0.0059 ~0.0038
[ (-0.57) (-036)
le ~0.0132 ~0.0130
[ (-099) | (-0.98)
cet 00288 oossaees
' (2.38) (275)
_cons 03069 oo o031 03080
(1.13) (1.07) (113) (113)
Controls Yes | es | ves | Yes
City FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Observations | 3,892 s 3,892 3,802
R 00772 00784 oot 00783
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Variables ()] (€] (@)
Efficiency Efficiency Efficiency Efficiency
did 00643+ 00634+ 00698+ 0.0692°*
(5.34) (5.18) [ (5.63) (5.53)
Ined! ~00115 00155
(-0.70) (-085)
Inpd ~00142 00098
| (-0.49) (-0.349)
fdi 02681 o1
(0:22) (-0.15)
fdd 00182 00154
(-047) (-:035)
e 16047* Lot
(177) (1.69)
_cons 01213 03017 01203+ 03142
(13.21) (110) (12.16) (1.07)
City FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Observations 3,892 3892 3su 3514
* 0.0858 00758 00925 0.0840

Note: t statistics clustered by city were in parentheses, ***, ** and * denoted significance levels of 1%, 5% and 10%, respectively. The following tables were the same.
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Defin Obs Mean Std.Dev Max
efficiency The efficiency of synergistic AP and CE governance (ESACG) 3,892 0.1454 01382 00110 18945
did ‘The digital economy 3892 00699 02550 00000 10000
Inis Industrial structure 3892 3.8607 02402 30321 43378
eue Energy utilization efficiency 3892 0.0980 0.1365 00000 41765
Ingti Green technological innovation 3,892 36513 1.8620 00000 84338
di Digital infrastructure 3,892 0.1246 00481 " oosi7 06441
Indlt Digital literacy of talent 1919 25479 0.9462 01823 48706
Indfs Digital financial support 2,502 51796 05907 31290 57502
Ined! Economic development level 3892 o4 06969 87653 119658
Inpd Population density 3892 57725 08625 29444 72435
fdi Foreign direct investment 3892 " ooms 00029 00001 00140
fdd Degree of fiscal decentralization 3892 04684 02275 00757 10325
he Human capital 3892 00161 00192 00006 00961

Note: Iin:mean:natusal lopasithun of the varibles:
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Variable type Variable meaning
Input indices Total investment in fixed assets (10,000 yuan) —_
Total population at year-end (10,000 people) —_—
Urban construction land area (km?) —_
Urban water consumption (10 km?) Total urban water supply
Total energy consumption (Ten thousand tce) Electricity, natural gas and coal and other energy sources into standard coal
Government environmental governance level (%) Percentage of environmental words frequency
Desirable output indices GDP (Ten thousand yuan) —_
Undesirable output indices | Carbon emissions (Million tons) Total carbon emissions from direct energy, electricity and heat consumption

Air pollutants (Ten thousand tons)

il i wore- Silculsiod at consiant wian SI0E a5 ihe lsse perind.

Air pollutant emissions equivalents
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Variables (1) (Vi) (€]
Efficiency Efficiency Efficiency
did 0.0557*** =0.0577** ~0.8441**
(287) (-2:25) (-2.16)
di -0.2382
(-119)
did*di oosi7
(0:69)
Indlt 0.0066*
(1.93)
did“Indt 00103
(1.76)
Indfs | -0.0183
» (-1.30)
did‘Indfs 0.1626*
(2.30)
_cons Coai Co1ss 02200
(1.14) (1.07) (0.89)
Controls Yes | ves Yes
City FE Yes Yes Yes
Year FE Yes Yes Yes
Observations 3892 119 2,502
R 00811 00297 00521
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Variables  Sobel test Coefficient
Inis B1 (did—1nis) 00996 661 0.0000
6 (Inis—efficiency) | -0.0267 295 0.0032
Indirect effect 00027 269 0.0071
eue B1 (did—eue) 00251 292 0.0035
6 (eue—efficiency) | 0.1254 7.96 0.0000
Indirect effect 00031 274 0.0062
Ingti B1 (did—Ingti) 1.0300 10.13 0.0000
‘ 6 (Ingti—efficiency) | 0.0047 351 0.0004
Indirect effect 00048 332 0.0009
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VARIABLES

GVCy

(GVC?

SAi

GVCi x SAy

0298+
(0.0138)
~0224%*
(0.0139)
00195+
(9.64¢-05)
~0.0817%*

(0.00490)

(GVCy)* x SAy

Controls

0.0600%*

(0.00486)

Yes

Constant

0.00528**

(0.000625)

Observations

422,388

Resquared

Number of id

35,199

0.844

Robust standard errors in parentheses.
< 001, ™ p < 005, * p < 0.1.
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VARIABLES

LnSPI;., 0.253% 0249 00194+ 000417
(0.00215) (0.00215) [ (0.00219) (0.00212)
GVCy om0z 05374+ 0426
(0.00118) (0.00121) | (0.00856) (0.0208)
(GVC)? s | cowae | odooe ~0387%
[ (0.00116) | (0.00116) (0.00900) | (0.0212)
Controls Yes Yes
Constant 00219 00193 00140+ 00242+
(0.000331) 7(0.00119) (0.000463) | (0.00246)
Observations 387,189 37,9 387,189 387,189
Resquared 0.606 0611
Number of id 35,199 35,199 35,199 35,199

Robust standard errors in parentheses.
o < 0.01, ™ p < 005, * p < 0.1,
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Variable Obs Mean Std. dev. Min Max
LnSPI; 422,388 0020047 0353033 2657203
GVC, 422,388 0125139 2005609 1
SCEx 422388 06974175 4592135 1
CAPI; 422,388 160161.9 1695722 2.76e+08

PROFIT;, 422,388 113496 3208443 1016408
TEIV, 422,388 3962672 8.86e+07 2.18e+10
LABOR; 422,388 333.6253 1621.679 146254

OWNERSHIP; 422388 2351008 0.58257 3
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Development scenarios Scenario interpretation Emission reduction effect (million tons)

Standard coal CO, SO, NOx TSP
S1.81-Q1 ‘The particularly suitable area developed 25% 27,673.03 73,665.61 608.81 27673 47044
s1-Q2 ‘The particularly suitable area developed 50% 55,346.01 147,331.07 a6 | s 94088
7 S1-Q3 The particularly suitable area developed 75% 83,019.04 22099668 1,826.42 8019 L4132
S1-Q4 ‘The particularly suitable area developed 100% 110,692.04 29466221 a2 L6 | 188176
$2.52-Q1 ‘The more suitable area developed 25% 102,570.19 273,041.84 225654 | 102570 | 174369
$2-Q2 ‘The more suitable area developed 50% 205,140.38 546,083.68 451300 20540 348739
52-Q3 ‘The more suitable area developed 75% 307,710.56 819,12552 676963 | 307711 | 523108
$2-Q4 The more suitable area developed 100% 41028075 109216736 | 902618 | 410281 | 697477
$353-Q1 The suitable area developed 25% 24,100.54 64,155.63 53021 24101 40971
$3-Q2 ‘The suitable area developed 50% 4820111 12831134 1,06042 o | s
$3-Q3 The suitable area developed 75% 72,301.64 192,466.98 1,590.64 o 122913
$3-Q4 The suitable area developed 100% 96,40221 256,622.69 212085 964.02 1,638.84
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Development scenarios

Scenario interpretati

Area (km

Power generation potential

S181-Q1 ‘The particularly suitable area developed 25% 12,546.14 9,148.11
s1Q2 ‘The particularly suitable area developed 50% 25,002.27 18,296.20
S1-Q3 ‘The particularly suitable area developed 75% 37,638.41 27,4431
S1-Q4 ‘The particularly suitable area developed 100% 50,184.54 36,592.41

$252-Q1 More suitable areas developed 25% 16,502.33 33,907.50
s2-Q2 More suitable areas developed 50% 93,004.66 67.815.00
$2-Q3 More suitable areas developed 75% 139,506.99 101,722.50
$2-Q4 ‘The more suitable area developed 100% 186,009.32 135,630.00

$3.83-Q1 The suitable area developed 25% 10926485 7,967.12
$3-Q2 The suitable area developed 50% 21,852.97 1593425
$3-Q3 The suitable area developed 75% 32,779.455 23,901.37
$3-Q4 The suitable area developed 100% 43,7094 31,868.50
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larly suitable area  More suitable Suitable area  Less suitable area  Unsuitable area

Alxa League 3943875 155,277.57 27,985.94 19290 0
Bayan Nur 9,395.69 16,386.60 28385 57.91 0
Baotou 0 | 37799 63188 0 0
Chifeng 135010 0 192486 88482 82.40
Ordos 0 7.740.21 448442 0 0
Hobbot | 0 [ 0 10225 0 0
Hulunbeier 0 | 0 31245 2,698.23 | 23162
Tongliao 0 0 17391 92648 22017
Wauhai 0 | 8532 57.91 0 | 0
Ulsanchabu | 0 [ 1,493.56 7 363792 i 0 1 0
*Xilin Gol league 0 [ 4,648.07 411055 71869 | 0
Xing'an Meng 0 0 0 33224 459.46
Total 50,184.54 186,009.32 43,705.94 581127 993.65
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Parameters Se eter values

g basis

AF PV power station on-site inspection 035
ASR Average solar radiation 14218575
PE Polyerystalline silicon panels Power Generation Conversion Rate | 165%
Lo Reference (Li et al, 2020) 75%
AP National Center for Renewable Energy | 4%
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Mediating effect

CYJH

Regulating effect

EE

Robustness test

(@]

LCYJH 0.4551** (3.7303) LEE ~0.4651** (4.2669) LCD 0.3631*** (2.2601)
DE 761.2482*** (2.8322) DE 17131+ (7.3841) DE 0.0891* (1.9201)
LEE 3.1571%* (2.3755) Y6 0.1121** (2.2857)

CYJH 00252+ (2.5211) DE*CYJG 11682 (2.3271)

HDE 4763901 (25212) 63232+ (2.8677) HDE 56151 (3.4301) HDE ~0.1571 (~1:3901)
Gov 375.4181%** (2.9556) ~5.4931%* (2.6562) Gov ~0.1081 (1.5429) Gov ~0.0031 (~0.031)
INF ~0.1231 (0.0486) -02232 (8.9281) INF ~0.1271** (8.4667) INF 00171 (1.0971)

URZ 3.8252* (3.9313) ~0.0611%** (2.9095) URZ 0.0061*** (3.0501) URZ 0.0022** (2.0001)

OPEN ~02611*** (3.0361) 0.0031*** (3.1000) OPEN ~0.0011*** (10.0001) OPEN ~0.0001*** (~2.7661)
RDI 38,1051 (3.3977) ~2.1521% (2.8429) RDI 0.0891*** (7.4167) RDI 00321 (1.1091)
CB -02232** (29761) 0.0011* (11.1111) cB ~0.0011%* (10.1111) cB ~0.0001%** (~2.7661)
_cons ~608.8131*** (32181) 1476514 (2.9059) _cons ~09021** (2.3802) _cons 0.1601 (0.7861)

AR (1) 00000 0.0000 AR (1) 0.0000 AR (1) 0.0000

AR (2) 03660 02230 AR (2) 02430 AR (2) 0.1490

Hansen 04560 03890 Hansen 03130 Hansen 0.1260

Standard errors in parentheses.
» < 0.1, *p < 0,05, **p < 0.01.
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LEE

ltiple regression analysis

Fixed effect

Random effect
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Area/time 011 2013 2015 2018 2019 2020

Beijing 0.068 0.069 0.070 0.069 0.067 0075 0.084 0.083 0.087 0.089
Tianjin 0.123 0123 0.131 0.132 0.132 0.126 0124 0131 0.130 0.131 18
Hebei 0.133 0.141 0.170 0.155 0.174 0.188 0215 0244 0254 0.263 8
Shanxi 0229 0230 0.274 0297 0301 0258 0249 0310 0298 0311 6
Inner Mongolia 0243 0195 0.239 0295 0235 0258 0282 0313 0319 0329 4
Liaoning 0217 0225 0213 0.190 0.187 0.159 0170 0.189 0.197 0.182 1
Jilin 0.091 0.093 0.093 0.100 0.093 0.090 0.093 0.101 0.091 0.094 27
Heilongjiang 0.158 0.169 0.156 0.151 0.147 0.135 0.139 0.140 0.132 0.134 17
Shanghai 0072 0075 0.082 0.084 0.086 0.083 0.084 0.085 0.094 0.093 28
Jiangsu 0.142 0.156 0.159 0171 0.176 0.165 0.166 0.190 0.172 0.185 10
Zhejiang 0.113 0111 0.118 011 0.112 0113 0117 0.125 0.157 0.138 14
Anhui 0.128 0.098 0.099 0.103 0.087 0.091 0112 0.132 o111 0.116 23
Fujian 0.076 0.083 0.090 0.112 0.114 0122 0113 0121 0.130 0.139 13
Jiangxi 0.067 0071 0.078 0.071 0.075 0.083 0.084 0.096 0.093 0.097 A
Shandong 0208 0217 0.269 0315 0316 0364 0390 0390 0349 0427 2
Henan 0.115 0117 0.122 0.112 0.113 0.113 0115 0136 0.117 0.122 21
Hubei 0158 0155 0.134 0.127 0.119 0.121 0.133 0.144 0.128 0.138 15
Hunan 0.098 0.101 0.104 0.108 0.107 0.106 0.109 0118 0.119 0.120 2
Guangdong 0.186 0.199 0.223 0236 0279 0278 0235 0295 0294 0312 5
Guangxi 0.101 0.098 0.091 0.099 0.112 0.157 0.097 0.109 0.107 0.125 20
Hainan 0.070 0.069 0.067 0078 0.076 0078 0075 0.080 0.081 0.084 30
Chongqing 0.063 0.069 0.084 0078 0.093 0078 0.089 0.090 0.087 0.096 25
Sichuan 0201 0.195 0.207 0226 0.239 0257 0264 0280 0294 0304 7
Guizhou 0.089 0091 0.093 0.103 0.100 0.093 0.095 0.097 0.090 0.096 26
Yunnan 0.114 0124 0.140 0.151 0.164 0.166 0171 0.197 0.199 0211 9
Shaanxi 0283 0306 0.357 0384 0347 0382 0432 0461 0458 0.488 1
Gansu 0.114 0117 0.124 0.126 0.133 0.127 0131 0.147 0.149 0.151 12
Qinghai 0131 0128 0.127 0.127 0.118 0.119 0.126 0.145 0.137 0.134 16
Ningxia 0.097 0.102 0.103 0.106 0.106 0.109 0117 0.136 0.123 0.131 19
Xinjiang 0243 0245 0.276 0295 0.300 0308 0298 0344 0336 0355 3
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Area/time 011 2013 2015 2018 2019 2020

Beijing 0285 0315 0314 0343 0391 0427 0467 0510 0589 0.622
Tianjin 0.075 0.084 0.094 0.108 0.118 0.121 0.120 0.128 0.141 0.139 20
Hebei 0.095 0.109 0.106 0.118 0.130 0.148 0.164 0181 0.203 0212 13
Shanxi 0.056 0.064 0.064 0070 0.078 0.084 0.090 0.110 0.117 0.123 2
Inner Mongolia 0.057 0.064 0.059 0.064 0.070 0.080 0.084 0091 0.101 0.106 23
Liaoning 0.106 0119 0.128 0.138 0.148 0.142 0.147 0158 0.176 0.178 14
Jilin 0.051 0055 0.055 0.062 0.066 0073 0.080 0.085 0.089 0.094 26
Heilongjiang 0.050 0056 0.066 0073 0.079 0.081 0.087 0.092 0.101 0.104 24
Shanghai 0212 0231 0.201 0254 0.274 0275 0311 0334 0378 0415 5
Jiangsu 0260 0282 0.296 0313 0.346 0371 0.403 0434 0481 0516 3
Zhejiang 0217 0258 0.231 0249 0.292 0330 0350 0385 0438 0457 4
Anhui 0.064 0.099 0.089 0.102 0.124 0.137 0.148 0175 0.203 0215 1
Fujian 0.124 0.140 0.142 0.156 0.180 0218 0265 0269 0.289 0.257 9
Jiangxi 0.052 0.061 0.053 0.061 0.080 0.086 0.098 0121 0.146 0.155 17
Shandong 0202 0222 0.242 0251 0.268 0307 0333 0377 0383 0.406 6
Henan 0.106 0120 0.118 0.137 0.164 0.184 0201 0241 0270 0.280 8
Hubei 0.087 0.109 0.104 0.117 0.139 0.150 0.159 0.187 0221 0.226 10
Hunan 0.084 0.093 0.089 0.101 0.113 0.137 0.148 0175 0.205 0214 12
Guangdong 0391 0427 0.421 0457 0517 0570 0621 0716 0.826 0.852 1
Guangxi 0.049 0057 0.057 0.067 0.074 0.083 0.092 0112 0.139 0.151 18
Hainan 0.036 0.042 0.039 0.048 0.054 0057 0.061 0.065 0073 0.067 28
Chongqing 0.068 0077 0.068 0.082 0.094 0.109 0118 0.134 0.151 0.164 16
Sichuan 0.127 0133 0.131 0.152 0178 0205 0235 0263 0314 0333 7
Guizhou 0.040 0.043 0.047 0.054 0.062 0074 0.082 0.098 0.119 0.126 21
Yunnan 0.052 0.060 0.060 0.069 0.081 0.086 0.094 0.108 0.128 0.139 19
Shaanxi 0072 0.086 0.081 0.092 0.107 0122 0132 0151 0173 0.177 15
Gansu 0.036 0.042 0.040 0.045 0.052 0057 0.063 0074 0.084 0.089 27
Qinghai 0.032 0038 0.036 0039 0.045 0.048 0.047 0052 0.054 0.054 29
Ningxia 0.027 0033 0.033 0.038 0.039 0.042 0045 0051 0.050 0.050 30
Xinjiang 0.047 0054 0.052 0.056 0.061 0.064 0.066 0079 0.092 0.096 25
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First-level dimension Second-level Specific index Index source Index

dimension attribute
Informatization development |~ Informationization basis | Optical cable density China statistical yearbook +
Cell phone base station density China statistical yearbook +
‘The proportion of personnel in information service | China statistical yearbook +
industry
Output value of information service industry China statistical yearbook +
Informationization influence | Total volume of telecommunication service National Bureau of +
Statistics
Software revenue National Bureau of +
Statistics
Internet development Fixed end Internet basis | Internet users National Bureau of +
Statistics
Number of Internet domain names National Bureau of +
Statistics
Number of Internet sites National Bureau of +
Statistics
Number of broadband Internet access ports National Bureau of +
Statistics
Internet penetration National Bureau of +
Statistics
Internet broadband access users National Bureau of +
Statistics
Mobile Internet basis Telephone penetration rate National Bureau of +
Statistics
Mobile phone penetration National Bureau of +
Statistics
Digital transaction Digital transaction basis | Number of enterprises National Bureau of +
development Statistics
Number of computers used at the end of the period | National Bureau of +
Statistics
Computer use per 100 people National Bureau of +
Statistics
Digital transaction impact | Number of websites owned by the enterprise National Bureau of +
Statistics
Number of websites per 100 companies National Bureau of +
Statistics
Number of enterprises with e-commerce trading National Bureau of +
activities Statistics
‘The proportion of e-commerce transactions National Bureau of +
Statistics
E-commerce sales National Bureau of +
Statistics
E-commerce purchases National Bureau of +
Statistics
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First-level Second-level Specific index Index source Index
dimension dimension attribute
Energy construction Energy investment Investment in fixed assets of state-owned energy industry Energy statistical +
yearbook
Energy industry investment Energy statistical +
yearbook
State-owned economic power, steam, hot water production and supply | Energy statistical +
of fixed assets investment yearbook
State-owned oil processing and coking industry fixed assets investment | Energy statistical +
yearbook
Investment in fixed assets of state-owned gas production and supply = Energy statistical +
industries yearbook
Energy production Energy production Raw coal production Energy statistical +
yearbook
Coke production Energy statistical +
yearbook
Crude gasoline production Energy statistical +
yearbook
Kerosene production Energy statistical +
yearbook
Diesel il production Energy statistical +
yearbook
Fuel oil production Energy statistical +
yearbook
Natural gas production Energy statistical +
yearbook
Energy generation The proportion of hydroelectric power generation Energy statistical +
yearbook
The proportion of thermal power generation Energy statistical =
yearbook
Wind power generation Energy statistical +
yearbook
Solar power generation Energy statistical +
yearbook
Energy consumption Energy consumption  Energy consumption National Bureau of =
Statistics
Coal consumption National Bureau of -
Statistics
Coke consumption National Bureau of -
Statistics
il consumption National Bureau of -
Statistics
Crude oil consumption National Bureau of -
Statistics
Gasoline consumption National Bureau of -
Statistics
Kerosene consumption National Bureau of -
Statistics
Diesel consumption National Bureau of -
Statistics
Fuel il consumption National Bureau of -
Statistics
Liquefied petroleum gas consumption National Bureau of -
Statistics
Natural gas consumption National Bureau of =
Statistics
Electricity consumption National Bureau of -
Statistics
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Type
Explained variable

Core explanatory
variables

Mediating variable

Regulating variable

Control variable

Name Meaning
EE | Energy Economic Development Index  Entropy weight method
DE | Digital Economy Development Index | Entropy weight method
CYJH | Rationalization of the industrial GDP/employed population
structure
CYJG | Theupgradingof the industrial structure | Output value of tertiary industry/output value of secondary industry
HDE | High-quality Economic Development | The paper of The Spatial Correlation between Green High-quality Development and
Index Technology Finance (Jiang, 2021)
GOV | Level of fiscal expenditure Fiscal expenditure/regional GDP
INE | Transportation infrastructure Grade Highway mileage/area
construction level
URZ | Urbanization rate Urban population/total population
OPEN | Intensity of opening up Total imports and exports/Regional GDP
RDI | R&d investment intensity ‘The logarithm of science and technology input

CB

Carbon emission

Carbon emission situation
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parameter

Parameter mear

Unit production cost of green intelligent home appliances

Annotation

w Wholesale price of green intelligent home appliances
P Retail price of green intelligent home appliances

a Market capacity of green intelligent home appliances

B Consumer’s green intelligent preference coefficient

b Consumer’s price sensitivity coefficient

0 ‘Technological innovation efforts level of home appliance manufacturers

n Technological innovation cost coefficient

0 Home appliance retailers’ share ratio of technological innovation costs

s Amount of price subsidy provided by the government to consumers for purchasing unit green intelligent home appliances
A Marketing publicity effort level of home appliance retailers

A Marketing publicity cost coefficient

y Consumer's green marketing sensitivity coefficient

E Profits of home appliance manufacturers

7 Profits of home appliance retailers
e “Total profit in the supply chain

0€(01),a>0ands>0






OPS/images/fenrg-11-1211179/inline_121.gif





OPS/images/fenrg-11-1259566/fenrg-11-1259566-t001.jpg
Consumer

subsidy

Cost-sharing
contract

Sun and Zhang (2020) - 4 Cost-sharing contract; green innovation input; profit
Song et al. (2022) - v Cost-sharing contract; price; green product quality; profit
Xing et al. (2023) v — Consumer subsidy; manufacturers’ green innovation efforts; price; profit
Song et al. (2019) v - Government subsidy; taxation; consumer preference; income
Sun and Yu (2018) v = Government subsidy; consumer preference; green degree; profit
Long et al. (2022) v - Consumer subsidy; green preference; green investment; green sensitivity; price; social welfare
Khosroshahi et al. v — Government subsidy; CSR; price; greening degree; transparency level
(2021)
Xu and Duan (2022) v — Government subsidy; blockchain technologys price; greenness investment
Wang and Wang — Government subsidys retailers’ sales effort; consumer preference; carbon emission reduction;
(2020) social welfare
Pan et al. (2023) v = Government subsidy; fairness-concerns; price; green degrees social welfare
Li et al. (2021) - v Cost-sharing contract; government subsidy; carbon tax; energy-saving level; carbon-emission
level
Xu et al. (2020) - v Cost-sharing contract; pricing strategy; product greenness
Ma et al. (2020) - v Cost-sharing contract; uncertainty information; confidence level
Sharm and Jain (2021) - v Cost-sharing contract; fairness; price; product green level; profit
Liu (2021) e v Cost-sharing contract; big data information cost; product green degree; pricing strategy; profit
Lin and Liu (2022) v v Government subsidy; cost-sharing contract; manufacturers’ green efforts level; pricing strategy;
profit
Our study v v Consumer subsidy; cost-sharing contract; consumer green intelligent preference; consumer green

‘marketing sensitivity; green technological innovation efforts level; green marketing publicity
efforts level; profit
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VARIABLES

Standard errors in parentheses.
< 001, ** p < 005, * p < 0.1.

GVCy 000453+ 0244+ -8244°*
(0.00121) (147¢-06) (0471)
(GVCy)? | oo ~0.0245% 7760
(0.000394) (1.54¢-06) (0.0448)
I Uy -3.072%
[ (0.0301)
1D 03385
(1.926)
Controls Yes
Constant oooorees 0,609+ ~206.0*
(6.93¢-06) (1.16¢-07) | (1.171)
Observations 246,393 246,393 246,393
Resquared oo 1000 0582
Number of id 35,199 35,199 35,199
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(1) (3) 4)
VARIABLES LnSPlie LnSPl; LnSPl; LnSPl;
ouy 065 0655
(0.00312) | (0.00302)
OU x Enegry, | 3.64e-07"*
(1.41e-07)
Dy 03217 0,299
77(0,00136) | (0.00178)
1Dy x Enegry, [ 0,045+
(0.00212)
Contrls Yes ves Yes Yes
Constant 00663 | 00639 ~0192° 0178
©000145) | (0.00146) (0.00157) (0.00175)
Observations 422,388 422,388 422,388 422,388
Resquared 0370 0371 0475 0477
Number of id 35,199 35199 35,199 35,199

Robust standard errors in parentheses.
< 001, ™ p < 005, * p < 0.1.
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1) 2 3)

VARIABLES LnSPIE™E  [nsppate | pgpyforeian
GVCy 0.305% 0.257%+ 0270
(0.00522) (0.00189) | (0.00166)
(GVCy)? ~0.235%* -0.202*% -0.208**
(0.00518) (0.00187) (0.00167)
SCE; ~0.00941*** ~00192° 00179
(0.00154) (0.000615) (0.000747)
| CAPI, 229009 19509 | 295009
[ (3.50¢-10) (3.95¢-10) (3.11e-10)
PROFIT, | 3ste0s | 3009 | 23509
(2.92¢-09) (7.75¢-10) (1.74¢-09)
TEIV, 0 0 0
(0) | () | ()
 Labow, 1.58¢-07 20607 | L8se0s
(sseon | Gaen | (105007
Constant 0.0106"* 0.0223%+ 0.0204*
| (0.00100) (0.000505) (0.000531)
 Observatons 23510 226728 172,150
Resquared 0747 0510 0.634
Number of id | 2,350 | 19720 | 14,691

Robust standard errors in parentheses.
< 001, ** p < 0.05,* p < 0.1.
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(1) 2 3)

VARIABLES nspEmal | Ensppo=dim’ | fngpidee
GVCy 0252 0287+ 0.270*
(0.00268) (0.00644) (0.00156)
(GVCi? [T Ry ~0.203*
| (000260 (0.00623) (0.00150)
SCE; ~0.0442 ~00169 000423+
(0.000894) (0.00400) (0.00117)
CAPI; 256009 5.71e-08" 1.996-09
(5.82¢-10) (2.66¢-08) (3.70e-10)
PROFIT; 5.90-09"* 213¢:07* 613e-11
o0y | (1w (157¢-09)
TEIV;, 0 4.14e-10"* o0
| © e ©
| LABOR;, 5.79¢-06** 0.000147*% 215007
(2.70¢-06) (1.75¢-05) (1.67¢-07)
{OWNERSHIP, | Yes [ Yes Yes
Constant oo ooz oo
(0.00370) (0.00724) (0.00131)
Obervations | 265615 | 16084 e
Re-squared 0.458 0594 0.622
Number of id 25,589 5,958 20,993

Robust standard errors in parentheses.
w5 < 0.01,* p < 0.05 % p < 0.1
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(1)

VARIABLES LnSPlix
GVC, x East 0.262
(0.00138)
(GVCy)? x East —0.204*%*
(0.00135)
7 GVC; x Central 0.248"
(0.00414)
(GVCi)* x Central -0.201%
(0.00413)
GVCy x West 0.262*
(0.00524)
(GVCy)® x West 0206
(0.00520)
GVC;y x North 0.261%
(0.00236)
(GVC)? x North ~0.204*
(0.00232)
GVCy x South 0261
(0.00151)
(GVCy)? x South [ ~0.204*
(0.00148)
SCEq ~0.0318" ~0.0500" 0,054 ~0.0481° ~0.0296"
(0.000502) (0.000535) (0.000519) (0.000521) (0.000511)
Controls Yes Yes Yes Yes Yes
Constant 0.0208* 00155 0.0201%+ 0.0410% 0.0375%
(0.00154) (0.00213) (0.00371) (0.00478) (0.00414)
Observations 319,560 66,180 36,648 36,648 36,648
Resquared 0585 0543 0.569 0247 0431
Number of id 26630 5515 3,054 3,054 3,054
Robust standard errors in parentheses.

“n < 001, ** p < 0.05,* p < 0.1.
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VARIABLES

GVCi 0.00445%* 00132+ 0.160*** 006774 | 00329+
(2.78¢-05) (6.64¢-05) | (0.000816) (0.000410) | (0.000199)
(GVCi)? ~0.00339** ~00101* ~0.125"** -00521"** ~0.0254**
(2.40e-05) (7.20e-05) (0.000813) (0.000402) (0.000194)
Controls Yes Yes [ Yes Yes Yes
Constant 0.000283*** 0.000931%** 0.00789%+* 0.00808*** 0.00334%**
(2.36e-05) (6.68¢-05) (0.000741) (0.000355) (0.000173)
Observations 422,388 422,388 422,388 422,388 422,388
VRrsqwzrtd 0369 0.481 0520 0520 | 0502
Number of id 35,199 35,199 35,199 35,199 35,199

Robust standard errors in parentheses.
“n < 001, * p < 0.05,* p < 0.1.
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Agricultural industry development AID 341 9777 5209 0282 2408
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Rural digital economy
development level

Primary indicator:

Rural digital Infrastructure
construction

Argricultural digitization

Secondary indicators

Rural Internet penetration rate
Rural smartphone penetration rate
Rural radio and television network

coverage rate

Agricultural meteorological
observation scale

Digital transaction of agricultural
products

Investment in agricultural
production

Rural digital base

Specific defination

Rural Internet broadband access users/rural resident
population

Rural mobile phone ownership per million houscholds
at the end of the year
Rural cable radio and television houschold rate
Agricultural meteorological observation stations
Agricultural products network retail sales

Investment in fixed assets of agriculture

‘The number of Taobao villages

Rural digital services

Rural information technology
radiation range

Consumption level of digital services

Rural delivery route length

Per capita transportation and communication
expenditure of rural households

Rural Internet Payment

Rural information technology
application

Rural online payment index

‘The average number of deliveries per week in rural areas
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Asia Asia Asia EXW Europe Europe NA NA SA

carbonate hydroxide hydroxide carbonate hydroxide carbonate hydroxide  carbonate

Asia 1.00 091 082 0.69 082 0.93 0.96 091
Carbonate

Asia 1.00 100 088 073 090 098 1.00 095
Hydroxide

Asia 090 088 100 0.63 088 088 093 085
EXW Hyd.

Europe 089 086 074 1.00 074 097 097 094
Carbon.

Europe 080 0380 078 057 100 0.78 0.85 076
Hydrox.

NA 093 089 080 076 080 1.00 1.00 096
Carbonate

NA 086 082 076 0.68 078 090 1.00 092
Hydroxide

sA 085 081 073 0.69 073 0.90 0.96 100
Carbonate
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Asia carbonate

Asia hydroxide

Asia hydroxide EXW

Europe carbonate

Max. 62500 62000 79025 59500
Min. 4725 6475 5600 4700
Mean 12157.59 1399107 1544531 11308.26
Median 7862.5 94375 8025 6675
Mode 11000 7450 6700 11500
Standard Deviation 12021.75 1155335 16509.47 11048.63
Kurtosis 7.31 741 7.10 8.85
Obs. 168 168 168 168
Europe Hydroxide North America Carbonate North America Hydroxide sout America Carbonate
Max. 60500 59500 61500 59250
M. 4050 4300 5400 4150
Mean 12186.76 10831.85 12706.10 10287.20
Median 7850 6900 8887.5 5837.5
Mode 5200 4850 5700 4250
Standard Deviation 11857.71 11239.62 1145392 11017.47
Kaurtosis 8.07 857 831 8.89
obs. 168 168 168 168

Note: The table shows summary statistics for Asian lithium carbonate, hydroxide CIF Swaps and hydroxide EXW Swap, European lithium carbonate and lithium hydroxide CIF swaps, North
American lithium carbonate and lithium hydroxide CIF swaps, and the South America lithium carbonate FOB Swap. The sample spans January 2009 to December 2022 and has a monthly
frequency. Cost, Insurance and Freight (CIF) represent the delivered price going into a particular region/country. Ex Works (EXW) is used to represent a domestically traded price with minimal
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Lroa 0.3698"*
(0.0088)
ESG 00137+ 0.0051++
(0.0011) (0.0009)
ESG_DID 0.0030*
(0.0012)
Control YES YES YES
Firm_FE YES YES YES
Year_FE [ YES YES YES
Obs | 28,772 28,773 24,628
2.a 03537 0.3962

NG 7% i ™ oty ignificaios s the angriieaiion Tovel of 10N I sild. 1% ressioctvali:
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Note: *, ** and *** denote significance at the significance level of 10%, 5%, and 1%, respectively.

(1) )
ROA ROA
ESG 0.0051°%* 0,004+
(0.0004) (0.0004)
conl 00784+
(0.0033)
con2 00491+
(0.0041)
con3 0.0087
(0.0060)
cond 00022
(0.0004)
con5 0.1150"*
(0.0166)
coné 0.0005
(0.0010)
_cons 00092 03570+
(0.0026) (0.0525)
Control No YES
Firm_FE YES YES
Year_FE YES YES
Obs 28773 28773
2.a 03739 03991
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VarN; Obs Mean Median Min  Max
ROA 28773 00429 | 00580 0041 | -0.29 0200
ESG 28773 65401 | 10843 6000 3000 | 9.000
conl 28773 01702 | 01340 031 0010 0.661
con2 w021 | 0168 0180 | 0002 | 0659
con3, 28773 03779 | 00637 0364 0250 0,600
cond 28773 13792 | 09951 1136 0319 | 8725
cons 28775 31450 | 00554 3138 3027 | 3302
con6 28773 02777 0,000 0000 1.000

04479
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Variable Symbol Definiti

Enterprise performance ROA Corporate profit (Yuan)/Total Assets (Yuan)
ESG rating ke China Securities ESG rating annual data
Cash assets ratio conl Net cash flow for the period (Yuan)/Total assets of the enterprise (Yuan)
Fixed assets ratio con2 Fixed Assets (Yuan)/Total Assets (Yuan)
Board independence ons | Number of independent directors/Number of board members
Revenue growth rate [ cond (Current period operating income (Yuan)- Previous period operating income (Yuan))/Previous Period operating income (Yuan)
Enterprise scale cons In (Total enterprise assets (Yuan))
Dual function con6 If the chairman and the general manager are the same person, the value is 1, otherwise it is 0
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ESG 0.0022%% 0.0010 ~0.0001 0.0058***

‘ (0.0004) ‘ (0.0013) (0.0006) (0.0005)
‘ Control ‘ YES ‘ YES YES YES
*Firm_FE \ YES ‘ YES YES YES
] Year_FE YES | YES YES YES
‘ Obs 19,697 ‘ 5555 10,387 18,243
2_a 0.4970 ‘ 0.2434 0.4462 0.3996

Nt ¥t and % dunote sexificanos 3t the-signibcance loed of 10% 3% and 18 repechvily:
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ESG 00044+ 00073+ 0,001+
(0.0004) (0.0038) (0.0003)
[ Rep I 0.0468+
(0.0007)
Control | YES | YES YES
Firm_FE YES YES YES
Year_FE YES YES YES
Obs 28,773 16,016 13,907
2.a 03991 0.9068 0.6884

Note: *, ** and *** denote significance at the significance level of 10%, 5%, and 1%, respectively.
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ESG 0,004+ ~0.0673+ 00034+
(0.0004) (0.0121) (0.0004)
KZ 00122+
(0.0002)
Control YES YES YES
Firm_FE YES YES YES
Year_FE YES YES YES
Obs 28773 26073 26,073
2.a 03991 0.7100 04882

Note: *, ** and *** denote significance at the significance level of 10%, 5%, and 1%, respectively.
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vel 1 indicator

economic sustainability

social sustainability

Level 2 indicator
income status
employment conditions
consumption level
industrial development
industrial infrastructure
economic environment

capital investment levels

Description

income of urban residents
urban registered unemployment rate
ratio of the total retail sales of consumer goods to the year-end population size
tertiary sector's total output value to GDP
total freight volume
proportion of foreign direct investment in GDP

ratio of fixed asset investment to GDP

labor efficiency
innovation output

innovation input

ratio of GDP to the year-end total population
number of invention patents per 10,000 individuals

ratio of science and technology expenditure to local government's general budgetary expenditure

ecological sustainability

resource utilization
urban greening
per capita greening
environmental remediation

pollution metrics

ratio of annual total electricity consumption to GDP
greening coverage rate of built-up areas

ratio of garden green space area to the year-end total population
ratio of total industrial wastewater discharge to annual water supply

ratio of industrial smoke (dust) emissions to GDP
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Lead-acid battery  Revenue

Generation

cost
Base Case 9,467.231 7,520.914 1937318
Lead-Acid Charging 9,593.584 7,648.164 1945.421
Lead-Acid Discharging 9,462,563 7,438.454 2024109
Lithium-lon Revenue  Generation
Battery Cost
Base Case 9,467.231 7,520.914 1937318
Li-ion Charging 9,593.584 7,648.164 1945421
Li-ion Discharging  oueam 7,435.614 2026769
Super-Capacitor Revenue Generation
Cost
Base Case 9,467.231 7,529914 1937318
Super Capacitor Charging | osensm 7,648.164 1945.421
Super Capacitor | ouessoa 7,434.404 203119

Discharging
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Lead-acid battery

Revenue

Generation

cost
Base Case 9,433,169 7,281.16 2,152,009
Lead-Acid Charging 9,565,521 7,395.43 2,170.091
Lead-Acid Discharging 9,558.83 7,298.41 226042
Lithium-lon Revenue  Generation
Battery Cost
Base Case 9,433,169 7,281.16 2,152,009
Li-ion Charging 9,565.521 7,395.43 2,170.091
Li-ion Discharging 9,558,446 7,298.41 2260036
Super-Capacitor Revenue Generation
Cost
Base Case 9,433,169 7,281.16 2,152,009
Super Capacitor Charging | osess 7,395.43 2,170.091
Super Capacitor | ossaen 7,437 2264203

Discharging
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EWS (Km/h) CWS (Ki Imbalance price ($/1
| 00:00 5 7 0.1184 1930.490 1930.608
2 01:00 6 4 0.1184 1931.350 1931.469
3 02:00 6 8 0.269 1931.350 1931.619
4 03:00 & 0 1932.190 1932.190
5 04:00 8 6 -52753 1933.569 1928.294
6 06:00 8 7 -2.9849 1933.569 1930.584
7 07:00 8 8 0 1933.569 1933.569
8 09:00 9 8 -3.0508 1935.309 1932.258
9 10:00 10 9 ~4.5146 1937.317 1932.802
10 11:00 11 10 —6.0355 1939.451 1933.416
11 12:00 12 12 0 1942.469 1942.469
12 13:00 12 13 0.414 1942.469 1942.883
13 14:00 12 14 0.7729 1942.469 1943.241
14 16:00 11 12 0.3431 1939.451 1939.794
15 17:00 10 10 0 1937.317 1937317
16 20:00 7 8 0.1549 1932.190 1932.345
17 22:00 6 8 0.269 1931.350 1931.619
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Hour Estimated Current Hour Estimated Current Hour Estimated Current

wind speed wind speed wind speed wind speed wind speed wind speed
00:00 5 7 08:00 8 8 16:00 i 12
oo | 6 7 oo | 9 [ 8 17:00 10 | 10
02:00 6 8 | 1000 10 9 18:00 8 8
03:00 7 7 oo | 1 10 19:00 8 8
04:00 8 6 12:00 12 12 20:00 7 8
05:00 8 6 e | 12 13 21:00 7 8
06:00 8 7 1400 12 14 22:00 6 8
07:00 8 8 s | 12 13 23:00 6 8
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Revenue ($/h) Gen. Cost ($

SL. No. Cases/Scena Profit ($/h)

1 Base Scenarios 9,467.64 7,538.06 192958
2 | Scenario-1 9,435.90 [ 7,285.05 | 2,150.85
3 Scenario-2 9,434.26 7,289.18 2,145.08
4 [ Scenario-3 9,435.97 7,284.73 215124
5 Scenario-4 9,435.99 7,284.61 215138
6 | Scenario-5 9,435.20 7,284.26 2,150.94
7 Scenario-6 943431 7,286.59 2,147.72
8 [ Scenario-7 943277 7,287.96 2144581
9 Scenario-8 9,433.05 7,286.95 2,146.1
10 | Scenario-9 9433.16 7,281.16 2,152.00
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Bilateral winsorization

Bilateral truncation

(4)
| eco-dig 00533 (4.87) 00267 (2.86) 0.1835°* (9.22) 0.0994*** (5.66)
‘ tech - 0.1442* (1.88) - 0.1312* (1.76)
‘ edu - 17401+ (16.17) - 16843 (15.80)
‘ income - 00447 (-18.22) - ~0.0412"** (~16.60)
‘ fina - 0.0071% (7.86) - 0.0064** (7.23)
| < 0.3800° (252.83) 0.4633*** (58.79) 0.3659** (161.97) 0.4487*** (54.56)
‘ R 00098 0.2832 00350 02779
‘ N 2,508 2,508 2458 2458

Note: *, **, *** denote significance levels of 10%, 5%, and 1%, respectively, and the numbers in parentheses below the coefficient estimates are the t-statistics of the coefficient estimates.
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Variable = Change the core explanatory

variable

(1)

eco-dig* 0.2275*** (6.91)
eco-dig -
ser -
= [ 0.3744*** (196.61)
R 0.0196
N 2,508

Note: *, **, *** denote significance levels of 10%, 5%, and 1%, respectively, and the numbers in parentheses below the coefficient estimates are the t-statistics of the coefficient estimates.

Adding control
variable

2)

0.0400%* (3.68)
0.0278%* (11.76)
0.3568** (145.46)
0.0647

2,508

Change the core explanatory variable and adding

control variable

(3)

02460 (7.71)

00298+ (12.79)
0.3471%** (122.96)
00823

2,508
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eco-dig. | 02053 (9.84) 0.1207** (7.28) 0.2052*** (9.83) 0.1207*** (7.28)
tech — 0.1013*** (2.70) - 0.1013*** (2.70)
edu - [ 1.2727*** (7.67) - 1.2727*** (7.67)
income — ~0.0579"* (~20.56) - ~0.0579"** (~20.56)
fina - [ 0.0080** (7.37) - 0.0080°** (7.37)
Kleibergen-Paap rk LM 45.2150 (0.0000) 45.7830 (0.0000) = =
Kleibergen-Paap Wald rk F 842.0200 (19.9300) 8343920 (19.9300) = =
Hansen | 2.9060 (0.0882) 1.9440 (0.1633) — =
Endogeneity test 7.0650 (0.0079) 1.6770 (0.1967) = =
R 00652 03593 0.0652 03593
N ‘ 2,280 2,280 2,280 2,280

Note: The Kleibergen-Paap rk LM, statistic corresponds to the p-value of the non-recognition testin parentheses, the Kleibergen-Paap Wald rk F statistic corresponds to the 10% critical value of
the Stock-Yogo weak identification test in parentheses, the p-value of the overidentification test in parentheses of the Hansen | statistic, the p-value of the endogeneity test in parentheses
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eco-dig

0.0563** (5.07)

0.0563*** (5.07)

0.0469** (4.51)

0.0290%* (3.01)

0.0294** (3.09)

tech - 0.1776* (1.94) 0.1660% (1.94) 0.1629% (2.06) 0.1517* (1.94)
edu - - 2.1926*** (1858) 18251 (16.52) L7457 (15.94)
income - - - 00501 (~20.32) ~0.0456°* (~18.28)
fina - - - - 0.0073** (7.97)
c 0.3797*** (248.43) 03791+ (243.39) 03501+ (16393) 04930+ (67.52) 0.4650** (57.98)
R 00106 00122 01368 02640 02830
N 2,508 2,508 2,508 2,508 2,508

Note: *, **, *** denote significance levels of 10%, 5%, and 1%, respectively, and the numbers in parentheses below the coefficient estimates are the t-statistics of the coefficient estimates.
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Variable Abbr. Ob: Mean Std. Dev Min. Max

Sustainable development level s 2508 0386 0055 0245 0629
Development level of digital economy eco-dig 2508 0.107 0123 0.000162 3.926
Personal digital acceptance tel 2508 0593 0477 0.00186 5255
Government intervention reve 2508 00636 00348 0.00487 0362

R&D support tech 2508 000334 00146 163€-05 0.409

Educational level edu 2508 00137 00188 0 0122

Income gap between urban and rural areas income 2508 2715 0.608 1110 6.050
Financial support fina 2508 2321 1790 0.00017 21.63
Development level of digital economy* eco-dig* 2508 00501 00497 8.00¢-05 1138

Note: Eco-dig* represents the level of digital economic development after the transformation of the measurement method. For details, please refer to Section 4.2 Robustness Test.
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Cases/Scenar

Base Scenarios
Scenario-1
Scenario-2
Scenario-3
Scenario-4
Scenario-5
Scenario-6
Scenario-7
Scenario-8

Scenario-9

Revenue ($
10,052.32
10,032.47
1003222
10,038.28
10,039.41
10,036.97
1003277
10027.27
10,029.44

10,033.77

Cost ($/h)
808153
78268
783061
78269
782699
782639
782802
7827.56
782528

782136

Profit ($/h)
1970.79
2,205.67
220161
2,211.38
221242
2,210.58
220475
219971
220416

221241
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Cases/Scenarios Details Cases/Scenari et

Base Scenarios Without WF Placement Scenario-5 With a WE of 7 MW at bus 10
Scenario-1 With a WF of 7 MW at bus 4 Scenario-6 With a WE of 7 MW at bus 11
Scenario-2 With a WF of 7 MW at bus 5 Scenario-7 With a WE of 7 MW at bus 12
Scenario-3 With a WEF of 7 MW at bus 7 Scenario-8 With a WF of 7 MW at bus 13
Scenario-4 With a WF of 7 MW at bus 9 Scenario-9 With a WE of 7 MW at bus 14
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Battery Life (Years) Investment cost ($/kWh) Efficiency (%)

Ni-Cd 20 1,200-1,500 85
Licion 15 1,250-1,500 | 90
Lead-acid 15 400-600 85
Na-NiCl2 10 750-1,000 | 75
Na-$ 10 600-800 | 75
Zn-Br2 7 [ 600-800 70
VRB 15 750-850 70
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Ref.

Chauhan et al.
(2021)

Latif et al. (2020)

Dey et al. (2020)

Gamel and Sultan
(2023)

Hussain et al.
(2020a)

Das et al. (2022a)
Farooq et al.
(2022)
Tappeta et al.

(2022)

Mojumder et al.
(2022)

Naja et al. (2023)

Shehata et al.
(2022)

Pereira et al.
(2022)

Hou et al. (2017)

Scope

Investigated a hybrid system of solar photovoltaic and diesel generators
using the BBO algorithm

Examined price-based demand response for frequency stabilization in
isolated hybrid microgrids

Managed active power in a virtual power plant with solar thermal and wind
energy using a butterfly optimization technique

Analyzed the relationship between wind speed and power output

Optimal energy routing in microgrids with energy routers based on IEC
61850

Strategy for risk mitigation using FACTS devices in wind-incorporated
power systems

Control of renewable encrgy-based hybrid power systems

“This study covers advancements in communication systems, computational
models, and technologies that facilitate the increased deployment and
efficiency of plug-in EVs

‘The paper explores how V2G technologies affect grid stability, energy
storage, and battery longevity, focusing on the integration of EVs into the
power grid

‘The paper examines how 6G technology can enhance V2G systems, focusing
on energy management and smart grid network integration

‘The paper introduces a new approach combining multiple methodologes to
improve the allocation of FACTS devices for better power system
performance

‘The study provides a framework for optimizing the placement and analysis
of TCSC devices in transmission systems using mathematical programming
techniques

‘The paper focuses on optimizing the scheduling of energy services provided
by EV aggregators and their interactions with the grid

Li

at

Focused only on solar energy and did not address wind energy integration
or V2G technology

Concentrated on solar thermal energy, excluding wind energy and TCSC
applications

Did not include V2G technology or TCSC for congestion management
Did not consider power system stability or economic impacts
Focused on communication technologies without addressing wind energy
or V2G integration
Did not consider V2G technology for mitigating price imbalances
Limited to renewable energy integration without addressing V2G or TCSC
technologies
‘The review does not cover all the latest technologies beyond 2022 and does

not address specific regional implementation challenges

‘The study may not provide in-depth technical solutions or consider all
types of V2G configurations and their diverse impacts

‘The study is speculative regarding the future impact of 6G technology and
may not fully address current technological constraints
The proposed methodology may not be universally applicable due to

variations in power system configurations and operational contexts

‘The approach may not consider all practical constraints or real-world
complexities in transmission system operations

‘The study may have limitations related to assumptions made in scheduling
algorithms and may not address all types of EV aggregator configurations
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eco-dig 0.0347** (6.13) 0.0315*** (5.66) 0.0923*** (9.11) 0.0672** (7.29)
tel 0.0974* (86.48) 0.0926*** (71.62) = =
eco-dig x tel 00896 (12.52) 0.0864*** (12.32) = =
reve | — — 1.1748*** (28.33) 0.8648*** (20.83)
eco-dig x reve — — 4.2482*** (14.62) | 35234 (13.30)
tech | — ~0.0542 (~1.24) = 0.1761** (2.48)
7 edu I - 0.0394 (0.60) | - 14777*%* (14.73)
income — ~0.0091*** (~6.18) = ~0.0347*** (~14.91)
fina — 0.0038*** (7.29) — 0.0026"* (2.94)
< 03242 (331.23) 0.3431%* (71.75) 03032 (102.76) 0.3925*** (48.95)
R 07660 07767 0.2741 0.4093
N 2,508 2,508 | 2,508 2,508

Note: *, **, *** denote

nificance levels of 10%, 5%, and 1%, respectively, and the numbers in parentheses below the coefficient estimates are the t-statistics of the coefficient estimates.
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Areas with high levels of sustainability Areas with low levels of sustainability

@ 2 (3) (4)
| eco-dig 0.1827+* (6.19) 0.0904*+* (3.54) 00243 (230) 0.0159* (2.00)
‘ tech - 0.9840* (1.89) = 0.0960* (1.65)
‘ edu - L5701% (10.94) - 1.8895%* (10.45)
‘ income - 00562 (-9.69) - ~00250** (~14.24)
‘ fina - 00132+ (647) - 0.0047*** (7.39)
| < 03946+ (107.61) 0.4650"** (26.28) 0.3660** (239.01) 04157 (71.99)
‘ ® | 00407 03196 00035 -
‘ N 946 946 1,562 1,562

Note: *, **, *** denote significance levels of 10%, 5%, and 1%, respectively, and the numbers in parentheses below the coefficient estimates are the t-statistics of the coefficient estimates.
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Before 2016

2016 and beyond

eco-dig ~0.0047 (-0.30) ~0.0076 (~0.84) 0.1067*** (5.62) 0.0475% (2.55)
tech - 0.1011 (1.44) . 0.0041 (0.04)
edu - 17502+ (16.21) - -0.1823 (-0.69)

income - 00106 (-3.85) - 00562 (-9.58)
fina - 0.0035** (3.54) - ~0.0000 (~0.00)

< 03690+ (232.85) 0.3689** (42.86) 04308+ (172.23) 05748 (37.25)
R 00001 0.1503 0.0648 02260
N 1,938 1938 570 570

Note: *, **, *** denote significance levels of 10%, 5%, and 1%, respectively, and the numbers in parentheses below the coefficient estimates are the t-statistics of the coefficient estimates.
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Directly flow through area

Do not directly flow through area

2 (3) 4)
| eco-dig 0.1078"* (4.08) 00584+ (239) 0,047 (3.69) 0.0203* (2.09)
‘ tech - 0.8625 (1.38) - 0.1330* (1.84)
‘ edu - 13637+ (7.58) - 19343+ (14.21)
‘ income - ~00423*** (~10.04) - ~0.0461* (~15.30)
‘ fina - 0.0017 (1.27) - 00142+ (11.20)
| < 0.3798+* (158.78) 047101 (34.69) 03791 (190.59) 0.4490"** (45.80)
‘ R 00181 0.1979 00090 03724
‘ N 946 946 1,562 1,562

Note: *, **, *** denote significance levels of 10%, 5%, and 1%, respectively, and the numbers in parentheses below the coefficient estimates are the t-statistics of the coefficient estimates.
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Variables Mean Min Max
TGreen 103 0.00 736 129
Str 070 0.00 643 104
Sub 071 0.00 723 109
™1 979 0.00 14419 949
SDI 1659 0.00 257.60 1633
BDI 1408 0.00 20093 1347
MDI 543 0.00 7994 538
oA e 9000 5900 966
Lev 4676 260 39191 19.56
Dev 025 0.00 100 043
Inde 3758 0.00 80.00 577
Size 7.88 2.40 1322 127
' Topl 3389 029 89.99 1511
Age 1795 oo 54.00 589
GDPg 9.68 -2502 2988 578
cpr 102 1.00 106 001
finhold 002 0.00 069 005
sa -3.80 -532 -211 027
ER 035 0.03 124 013
MED 391 0.00 9.16 106
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Variables Sign efinition

Total level of green innovation TGreen Ln (Total number of green patent applications+1)

Strategic Green Innovation str Ln (Number of green utility model patent applications+1)

Substantive green innovation Sub Ln (Number of patent applications for green inventions+1)

Total Digitalization Index DI Degee of Digital Transformation in Enterprise-Level Banks

Strategic Digital Index DI Strategic Dimensions of Digital Transformation in Enterprise-Level Banks
Business Digitization Index BDI Business Dimensions of Digital Transformation in Enterprise-Level Banks
Management Digital Index MDI Managerial Dimensions of Digital Transformation in Enterprise-Level Banks
Total Return on Assets ROA Corporate net profit/average total assets

Financial leverage Lev Total liabilities/total assets

Two powers in one Dev President and manager are the same as 1, otherwise 0

Percentage of sole directors Inde Number of independent directors/Total number of board of directors
Enterprise size Size Ln (employees)

Shareholding of top one shareholders Topl Total number of shares held by the top one shareholders/total share capital
Business Age Age ‘The age of business establishment is taken as logarithm

Provincial GDP growth rate GDPg Year-on-year GDP growth rates by province

Provincial Consumer Price Index cpt Consumer price index/100 by province

Financialization of the enterprise finhold Corporate financial assets/total corporate assets

Financing constraints SA SA index

Government environmental regulations ER ER score of the prefecture level city where the enterprise is located
Media attention MED Ln (corporate news stories+1)
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Variables Enterprise size Region

(9] () (3) ) (]
Small-scale Large-scale Eastern Central Western
TGreen TGreen TGreen TGreen TGreen
D1 00002 00050+ 0.0028" 0.0024 0.0007
| (0.8947) [ (0.0019) | (0.0254) (0.3148) [ (0.7793)
Control Individuals/Year Yes | Yes Yes Yes Yes
| Control variables Yes Yes Yes Yes Yes
| _cons 04698 ~3.6379° 03525 -5.8574 ~24674
| (0.7997) (0.0763) [ (0.8430) (0.2857) (0.4390)
I N I 10,758 10,774 14511 I 3799 3222
adj. R2 00650 0.0978 0.0860 0.0886 0.0505
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Variables Nature of ownership Degree of contamination

) (2) (3) 4)
Non-state-owned State-owned Lightly polluted Heavily polluted
TGreen TGreen TGreen TGreen
DI ~0.0007 00042+ 00021 00105+
| (0.6038) | (0.0046) (0.1098) (0.0000)
Control Individuals/Year Yes Yes Yes Yes
Control variables | Yes | Yes [ Yes Yes
| _cons -1.7293 ~3.4506* ~1.0294 ~4.4488*
| | (03724 | (0.0900) [ (0.5541) (0.0588)
N 12,740 8792 14,092 7,440
adj. R2 00399 | 01315 [ 00847 00532
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Variables

Environmental regulation

Media attention

@
TGreen
™1 00025 00030+ 00025 00028+
I (0.0137) (0.0042) (0.0134) (0.0058)
ER 00222 00265
(0.6427) (05796)
ERTDI_C 0.0095% |
(0.0362)
MED 0.0074 I 00072 i
(0.4013) (0.4109)
I MEDTDI_C 00016
(0.0077)
Control Individuals/Year Yes Yes Yes Yes
Control variables Yes Yes Yes Yes
_cons -22298 -23721% -22218 22894
(©.1116) (0.0908) (0.1126) (0.1020)
N 21,532 21,532 21532 21,532
adj. R2 0.0840 00842 0.0841 [ 0.0844
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Variables Degree of financialization Corporate finance constraints

1) 2 4 (5) (6)
Green finhold Green TGreen
finhold 03151
(0.0225)
SA | L s
| | (0.0000)
DI [ 00025 oosr | 0.0023 00025 | oo 0.0006
(0.0138) (0.0000) (0.0224) (0.0138) (0.0000) (05261)
Control Individuals/Year Yes Yes Yes Yes | Yes | Yes
Control variables Yes Yes Yes Yes Yes Yes
_cons -22026 02632+ 22855 -22026 sossre | 2.6821%
(0.1157) (0.0003) (0.1027) (0.1157) (0.0000) (0.0591)
N [ 21532 21532 21532 21,532 | 21,532 | 21,532
adj. R2 | 00841 o 00843 0.0841 I 08431 00969
Sobel [ 7= 1759 7=5568""
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Variables

Changing the explanatory

Excluding 2015

Excluding foreign banks

variables
()] 2) (3) (5) 7) (8) ()]
Sub Str TGreen Sub
™1 00041+ ~0.0007 00054+ 00023+ ~00005 | 0.0041°%*
(0.0000) (02507) (0.0000) (0.0261) (0.5806) (0.0000)
TWTDI 00023 00003 00040
(0.0179) (0.7014) (0.0000)
Control Individuals/Year Yes Yes Yes Yes Yes Yes Yes Yes Yes
Control variables Yes Yes Yes Yes Yes Yes Yes Yes Yes
_cons S37592 | -27366*% | 23303 ~2.0860 ~1.8458 -1.7721 -2.2051 -17932 | -23214%
(0.0021) (0.0025) (0.0512) (0.1590) (0.1529) (0.1648) (0.1153) (01407) (00539
N 21,532 21,532 21532 19,663 19,663 19,663 21,532 21,532 21532
adj. R2 00721 ~0.0360 00448 0.0851 0.0362 00426 0.0841 00387 00436
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Variables

Tool variable 1

Tool variable 2

(1) @) (3) 4)
Second Second
TGreen TGreen
w1 09679+
(12.3973)
w2 20229
(30.6015)
DI 0.1563 00948+
(8.8442) (15.7784)
" Constant 117.1266%* | ~18.5589* | 777729 | ~105590°**
(20.7954) (-7.1393) a6ty | (88
N 21532 21,532 21532 21532
R-squared 0.366 0388
Fovalue 124313 136575
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Variables

SDI

BDI

MDI

Control Individuals/Year

Control variables

N

00015+
(0.0100)
00016
(0.0245)
00046+
(0.0088)
Yes
Yes

21,532

~0.0001
(0:8628)
~0.0004
(0.5394)
~0.0000
(0.9843)
Yes
Yes

21,532

00025+
(0.0000)
00029+
(0.0000)
0.0074***
(0.0000)
Yes
Yes

21,532
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Variables

DI 00025 ~0.0003 00043+

(0.0138) (0.7486) (0.0000)
Control Individuals/Year Yes Yes Yes ‘
Control variables Yes Yes Yes ‘
_cons -22026 -1.7923 ~23181% ‘
N 21,532 21532 21532 ‘
adj. R2 00841 00387 00437 ‘
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Enterprise size Corporate social responsibility Local government competition

Variables Large Small High social Low social High-competition  Low-competition
Companies Business responsibility responsibility areas areas
(1) (12) (13) (14) (15) (16)
DID 0.428* 0.150 0.200% -0016 0317 0.099
(0.179) (0.129) (0.119) (0.164) (0.172) (0.150)
Constant | 24817 1942+ 5.604* 0.653 2920 0.574
(1.022) L asy) (3.328) (1.240) 0.936) (0.573)
Control variables Yes [ Yes Yes | Yes [ Yes Yes
Time fixed effects Control Control Control Control Control Control
| Regional fixed Control | Contrl Control Control Control Control
| effects
" Observations | 167 [ 166 114 | 100 | 168 168
R-squared 0241 0237 0570 | 0.695 0208 0.296

Note: Staridard ervors in parenithioses: ***5 < 001 *p < 005, *5< (L
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Variables

pID 0.024 0.178*
(0.064) (0.089)
Tech [ — 07345
- (0.082)
Constant 0727+ 0231
0177) (0254)
Control variables Yes Yes
Time fixed effects [ Control Control
Regional fixed effects Control Control
Observations [ 336 336
R-squared 0.396 0.457

Note: Standard errors in parentheses; ***p < 0.01, **p < 0.05, *p < 0.1,
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Variables

DID2013 0.141% 0310
(0.083) (0.087)
DID2014 | 0,056 0264+
(0.086) I (0.093)
DID2015 | ~0.164* 0096
(0.092) | (0.102)
DID2016 0445+ 0757+
(0.092) ‘ (0.107)
DID2017 0720+ 1106+
(0.091) (0.113)
DID2018 0,668+ 1077+
(0.102) | (0.123)
DID2019 | 0396+ 0810+
(0.098) (0.120)
DID2020 [ 0488+ 0945+
(0.100) [ (0.124)
Constant [ 2463 4477
(0350) (0539)
Control variables Yes Yes
Time fixed effects [ No control Control
Regional fixed effects No control Control
Observations [ 336 336
R-squared 0330 0425

Note: Standard errors in parentheses; ***p < 0.01, **p < 0.05, *p < 0.
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Variables

DID 0083 0145
(0.074) (0.105)
Constant 1469 1434
(0347) (1535)
Control variables ' Control Control
Time fixed effects No control [ Control
Regional fixed effects No control Control
Observations 336 336
R-squared 0087 0303

Note: Standard errors in parentheses; ***p < 0.01, **p < 0.05, *p < 0.1.
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Variables

DID 0.092 0138 0.130% 0235
(0.069) 009 | ©o®) (0.109)
Constant 1044+ L3S L5t Lssar
(0.025) (0.027) (0.346) (0.505)
Control variables No  No Yes Yes
Time fixed effects Nocontrol | Control | Nocontrol | Control
' Regional fixed effects | Nocontrol | Control | Nocontrol | Control
Observations 336 336 336 336
I Re-squared 0.005 0041 0.091 0133

Note: Standard errors in parentheses; ***p < 0.01, **p < 0.05, *p < 0.1. Same below.
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Variables Sample size Average value Standard deviation Minimum value Median Maximum value

‘ DID ‘ 336000 0.131 0338 0.000 0.000 1.000

‘ GTFP ‘ 336.000 1.056 0426 0272 1.000 5929
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ol variable type

Corporate level X

Variable name
Enterprise size (Size)
Asset liability ratio (Lev)
Years on the market (Age)

Corporate Cash Flow (Cash)

Variable measurement met

Natural logarithm of total assets
Total corporate liabilities/Total corporate assets
(Natural logarithm of (number of years on the market + 1)

Cash flow from operating activities/total assets of the enterprise

Return on Assets (Roa)
Shareholding Concentration (Top1)

Growth capacity (Growth)

Corporate profit after tax/Total corporate assets
Number of shares held by the largest sharcholder/total shares

Increase in total assets at the end of the period/Total assets at the end of the previous period

Enterprise location level Zi

Government Spending (Spending)
Regional Human Capital (HC)
Regional Foreign Direct Investment (FDI)

Regional economic development level (GDP)

Local government general budget expenditure/GDP
Number of college students in schaol

Amount of actual foreign investment used in the year by region/GDP

The eastern variable is 1 and the mid-western variable takes 0
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Coal composition

component (%)

Moisture
Volatile matter
Fixed carbon
Ash

Total sulfur

145.6

386.7

4133

147

317

1820134

4834106

5166630

1433856

0396279
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No. Technology n (¢

enel = PC/1

1 Suberitical 39 04160

2 Supercritical 41 04374

3 Ultra-supercritical | 44 04694
et = Py OB

1 Suberitical 39 03023

2 Supercritical 43 03333

‘ 3 Ultra-supercritical | 44 03411
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Dt Decoupling state

1986-87 ~3335057 6346402 ~0.525504 WD
1987-88 14.020376 8365400 1675996 END
1988-89 ~10.725776 5.953847 ~1.801487 WD
1989-90 16.252780 5727765 2837543 END
1990-91 ~10.351011 6.957228 ~1.487807 WD
1991-92 -9.010612 10.385220 -0.867638 wD
1992-93 4.869120 2513461 1937217 END
1993-94 6.772142 5.654299 1.197698 END
1994-95 ~29.644356 7211712 ~4.110585 WD
1995-96 4.097200 6783734 0.603974 END
1996-97 32301 1.493449 | ~2.166790 WD
1997-98 ~21.343028 3474549 -6.142675 WD
1998-99 5.914443 4.836242 1222942 END
1999-2000 ~16.019495 5.620182 ~2.850351 WD
2000-01 ~1407178 4.581203 -0307163 EC |
2001-02 16.246002 3528223 4.604585 END
2002-03 12039384 9.148822 1315949 END
2003-04 87.885060 16.128303 5449120 END
2004-05 e 19.440298 2205097 END
2005-06 10.552474 20.362788 0518223 END
2006-07 36.434149 18.780813 1.939967 END
2007-08 | 120.747691 [ 8230026 | 14.671605 END
2008-09 -168.492279 13215260 ~12749827 WD
2009-10 33.275540 6.687078 4976096 END
2010-11 ~37.929438 11564226 ~3279894 WD
2011-12 ~10.991652 14309169 ~0.768154 wD
2012-13 ~57.766705 17.041403 ~3.389786 WD
2013-14 ~38.761866 16671585 ~2.325026 wD
2014-15 102.730401 19.038851 5395830 END
2015-16 8787598 26.530740 0331223 END
2016-17 84.646890 30.635649 2763019 END
2017-18 248.702925 43.283470 5745910 END
2018-19 129.195337 9703430 13314399 END

Note: END, expansive negative decoupling; EC, expansive coupling, WD, weak decoupling; SD, strong decoupling; SND, strong negative decoupling; WND, weak negative decoupling; RC,
recessive coupling; RD, recessive decoupling.
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Period  ACC,
1986-87 -1.073224
1987-88 | 0.623484
1988-89 | 2.046021
1989-90 | 0.485267
1990-91 1766090
1991-92 | -5353675
1992-93 | -0470328
1993-94 | 0421543
1994-95 1.247671
1995-96 | -0.181283
1996-97 -0.933010
1997-98 | 1234672
1998-99 | 0.595104
1999-2000 | 1615058
2000-01 | 1047363
2001-02 | 0901293
2002-03 | 0790018
2003-04 | 0793907
2004-05 | 0494040
2005-06 | 0358944
2006-07 | 0575494
2007-08 | 0.657964
2008-09 | 0.835684
2009-10 24.782531
2010-11 38283639
011-12 | 284634569
2012-13 23.375398
2013-14 | 0849139
2014-15 | 0820959
2015-16 | -0.087673
2016-17 | 0511904
2017-18 | 0757649
2018-19 | 0999613

1986-2019  0.382253

Accy,
-0.034274
0.002823
0.201660
0.254150
1.283902
-1.201365
1.129870
0.123436
0.073812
0.557831
2.790062
-0.040221
~0.044958
-0.074620
~1.490704
-0.079718
~-0.221806
0.051033
0.193957
~0.017609
0.084366
0.278226
0.249424
~23.949864
-36.845022
~287.947785
~21.956950
0.905563
0.022689
0.336484
0.222352
0.094113
-0.069473

0.023054

ACCh
1.037771
0.215584
~0.465678
0.084022
~0.859757
4717148
~0.196779
0.112811
~0.135830
0.248635
1.580228
0.025440
0.103750
~0.197483
0.401347
0.004349
0.251739
0.105914
0.198546
0.395128
0.175703
-0.021784
~-0.017037
-0.063317
~0.089345
1.652023
-0.213858
~0.409082
0.085742
0.460131
0.163734
0.094512
~-0.074210

0246233

ACCh
1.069726
0.158108
~0.782003
0.176561
-1.190235
2.837892
0.537238
0.342210
~0.185653
0.374816
-2.437280
-0.219892
0.346104
~-0.342955
1.041995
0.174076
0.180049
0.049145
0.113457
0.263536
0.164437
0.085594
~0.068070
0.230650
-0.349272
2661193
~0.204590
~0.345620
0.070610
0.291057
0.102010
0.053726
0.144069

0.348459

ACC!
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000
100.000

100.000

total
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Block or field Area (sq. km)  Drill holes Measured Indicated reserves Inferred reserves Hypothetical

reserves resources
‘ Sinhar Vikian-Varvia 122 41 620 1918 1028 0 3,566
‘ Singharo Bhitro 55 43 640 ‘ 944 0 0 1,584
‘ Saleh Jo Tar 99.5 41 411 ‘ 1,337 258 0 2,006
‘ Sonal Ba 80 42 637 ‘ 1,640 282 0 2,559
‘ Total field 365.5 167 2,308 ‘ 5839 1,568 0 NS
" The rest of Thar coal field | 8,643.5 335 4717 ‘ 11,291 | 37,082 112,700 165,790
‘ Total Thar coal field 9,000 502 7,025 ‘ 17,130 | 38,650 112,700 7 175,505

Note: Mineral assets: 60% of measured reserves.

Measured reserves: including the maximum degree of geological assurance. Coal lies in a radius of 0.4 km (km) from the point of the coal dimension.
Indicated reserves: containing a moderate degree of geological assurance in which coal comes up with a radius of 0.4-1.2 km from the estimation point.
Inferred measurement: Taking a small degree of geological assurance, coal exists in a radius of 1.2-4.8 km estimation point.

Hypothetical resources: unexplored coal reserves, usually the addition of inferred assets in which coal comes in 4.8 km from the point of coal estimation.
Source: HDIP [6)].
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Technology Coal-fired power plant efficiency (

Subcritical 39%
Supercritical 41%-43%
Ultra-supercritical 44%

“The allocation of the efficiency range for individual coal-fired power plants has been
analyzed based on the plant information. We could not estimate the individual sector’s
allocated efficiency because of the unavailability of accurate information in the energy
b SRR G S Rl
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ACCh, D! Decoupling state
i >0 >0 D20 END
2 <0 >0 Losps 04 ke
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4 >0 >0 -1>D D
5 >0 <0 D's0 L
6 <0 <0 042D'> -1 " wap
7 <0 <0 [ 12D'>04 | RC
8 <0 <0 b o

Note: END, expansive negative decoupling; EC, expansive coupling: WD, weak decoupling; SD, strong decoupling; SND, strong negative decoupling; WND, weak negative decoupling; RC,

recessive couplir

RD, recessive decoupling.
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