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Introduction: The biased technological progress coordinated with factor endowment is an important support for achieving sustainable development in the forestry industry. This study focused on the coupled coordination relationship between forestry factor endowment and technological progress bias, analyzing their spatial impacts on the upgrading of forestry industry structure. The aim is to fully leverage the driving force of technological progress to promote sustainable development of the forestry economy.Methods: Covering the years from 2005 to 2021, this study calculated the coupling coordination and constructed spatial econometric models to empirically analyze its spatial impacts on the rationalization, advancement, and ecologicalization of the forestry industry structure.Results and Discussion: The results indicated that the overall level of coupling coordination was relatively low, with certain differences among provinces. The upgrading of the forestry industry structure showed significant spatial correlation, and after considering the cumulative effects of industrial structure upgrading, there existed a positive spatial spillover effect among regions. The improvement of coupling coordination promoted the rationalization and ecologicalization of industrial structure. However, in the short term, it had a negative impact on advancement. For the four major regions, the low level of coupling coordination and regional differences remained key obstacles hindering the promotion of industrial structure upgrading through technological progress. Therefore, there is a need to further optimize the coupling coordination between factor endowment and technological progress bias and place greater emphasis on regional coordinated development. This study may provide new insights into the development of the forestry industry from the perspective of the coupling of factors and technology, emphasizing the necessity of coupling forestry resource endowment with technological progress.Keywords: forestry factor endowment, technological progress bias, rationalization of the forestry industrial structure, advancement of the forestry industrial structure, ecologicalization of the forestry industrial structure
1 INTRODUCTION
The forestry industry, as a crucial carrier for converting ecological benefits into economic gains, is an important component of the green economy. Developing the forestry industry not only promotes economic growth and employment but also drives environmental protection and sustainable development. China, as the world’s largest developing country and a major forestry industry player, ranks first globally in both forest product production and consumption. The report to the 20th National Congress of the Communist Party of China clearly stated that high-quality development is the primary task of comprehensively building a modern socialist country. As an integral part of ecological civilization construction, forestry plays an important role in ensuring national ecological security, improving the ecological environment, and promoting sustainable economic and social development. Technological progress as an important support for achieving sustainable development in forestry. However, China still faces challenges such as limited forestry resources and inadequate levels of technological progress in forestry, resulting in insufficient driving force for the upgrading of the forestry industry structure. Therefore, exploring how to scientifically and reasonably utilize limited forestry resources and promote rapid technological advancement in forestry is of great significance for achieving the development of China’s forestry industry and upgrading its industry structure. Moreover, it can serve as a valuable reference for forestry development in other developing countries and even globally.
Regarding technological progress, existing research generally indicated a positive correlation between technological progress and industrial structure upgrading (Wu and Liu, 2021; Su and Fan, 2022), suggesting a supportive role of technological progress in rationalizing and advancing industrial structures (Wang et al., 2021). However, due to China’s insufficient innovation capacity in key technologies, the efficacy of technological progress is not fully realized (Yang et al., 2018). Some scholars emphasized that transcending the middle-technology trap is a challenge that China must face, necessitating further enhancement of technological levels to promote industrial progress and achieve high-quality economic development (Zheng, 2023). Some scholars also argued that technological progress was only positively associated with industrial development in regions with moderate to high levels of economic development, and it cannot promote industrial development in underdeveloped areas in the short term (Abid et al., 2022). Overall, technological progress has a positive impact on industrial structure upgrading, but it is also influenced by regional development heterogeneity.
Moreover, technological progress exhibits a bias among different input factors, showing non-Hick neutrality. Hicks and Acemoglu defined technological bias as, under the influence of technological progress, the marginal output ratio of a certain factor increases relative to other factors, indicating that technological progress tends to favor this factor (Hicks, 1963; Acemoglu, 2002; 2007). When the level of technology is low, technological bias tends to drive factors from industries with lower technological progress rates to those with higher rates, thereby promoting industrial structural upgrading and increasing the growth rate of total factor productivity. However, due to the phenomenon of unbalanced development among various industries in China (Wu et al., 2021), there exists a mismatch between technological progress and factor endowments in some industries (Xue and Zhou, 2019; Wang et al., 2023), leading to ineffective inducement of technological change mechanisms, which hampers the high-quality development of industries. Optimizing the allocation of factors can enhance the efficiency of technological progress (Jianmin and Li, 2020). When biased technological progress matches factor endowments, it can improve total factor productivity in industry (Ren and Zeng, 2021; Li and Hu, 2023; Ye et al., 2024), thereby promoting industrial structural upgrading. Therefore, abandoning the neutral assumption of technological progress and promoting a favorable alignment between technological progress and factor endowments has a positive impact on industrial development.
In the forestry domain, most scholars believed that the upgrading of forestry industry structure is closely related to factors such as technological progress, factor endowment allocation, level of economic development, national policies, urbanization rate, and foreign investment (Tang and Li, 2017; Chen and Zhang, 2019; Jiang Y. and Jiang J., 2021; Hou et al., 2023; Ma et al., 2023). Moreover, the development of forestry industry in different regions is not independent of each other, there exists a certain spatial spillover effect. Therefore, many scholars adopted spatial econometric models to explore the influencing factors of forestry industry structure upgrading. However, research on biased technological progress in forestry remains limited, and the mechanism of the interaction between biased technological progress and factor endowment on forestry industry structure needs further investigation.
The above research suggests that achieving the coupling coordination between technological progress bias and factor endowments is of significant importance, and it can also have a positive impact on industrial structure upgrading. However, existing literature mainly focuses on macro-level studies at the national or regional level, or industrial sectors, with limited research on forestry. The interaction between factor endowments and technological progress bias ultimately reflects whether they can develop in a coupled manner. Currently, there are few literature on the coupling development of these two aspects, and no research has yet been found on how the combination of the two affects industrial structure.
Therefore, this study adopted a spatial perspective and constructed spatial econometric models to investigate the impact of the coupling coordination of forestry factor endowment and technological progress bias on industrial structure upgrading across 31 provinces and four major regions in China. The aim was to investigate how to fully leverage the driving force of technological progress in forestry to transform the traditional forestry development model and provide insights for promoting cross-regional coordinated development of the forestry industry. The main contributions were as follows: 1) From the novel perspective of the coupling development of forestry factor endowments and technological progress bias, this study has developed the coupling coordination degree indicator, which may help enhance the efficiency of forestry factor allocation and leverage the driving effect of technological progress. 2) By deeply exploring the impact of the coupling development of forestry factor endowments and technological progress bias on industrial structure upgrading, this study has revealed the significance of achieving their coupling development, which may provide valuable insights and decision-making support for transforming the traditional forestry development model and promoting cross-regional coordination in the forestry industry.
2 THEORETICAL ANALYSIS
2.1 The direct effects of the coupling coordination between forestry factor endowment and technological progress bias on forestry industrial structure upgrading
In existing research, industrial structure upgrading is generally divided into three aspects: rationalization, advancement, and ecologicalization (Si and Yao, 2022). Rationalization refers to optimizing factor allocation and improving production efficiency to achieve coordinated development among industries, thereby better meeting market demands (Chen et al., 2024). Advancement emphasizes the transformation of industries toward higher value-added and more technologically advanced directions, promoting the development of emerging industries to enhance the overall competitiveness of the industry (Murakami, 2015; Chovancová et al., 2018). Ecologicalization focuses on the coordination between industrial development and environmental protection, emphasizing sustainability, with the goal of reducing resource waste and environmental pollution, and promoting the development of eco-friendly industries (Arabi et al., 2014; Smith et al., 2015; Gao and Zhang, 2021).
According to the theory of factor endowments and the theory of induced technological progress, the coupling coordination between forestry factor endowments and technological progress bias aims to change the relative marginal efficiency of production factors, promoting the flow of forestry production factors among the three major industries (Alvarez-Cuadrado et al., 2018). The process of factor redistribution inevitably leads to changes in the input proportions of factors and the production structure between sectors, altering the efficiency of factor allocation and ensuring continuous coordination in the factor configuration among the three major forestry industries (Agyeman and Ochuodho, 2021), thus achieving the rationalization of the industrial structure.
Referring to Maslow’s hierarchy of needs theory, as a country’s overall strength increases and the forestry industry develops, the demand for forestry products among residents also evolves. The demand shifts from basic products such as timber and forest materials to high-value-added products like ornamental forestry products and forest foods. The coupling coordination between forestry factor endowments and technological progress bias will effectively transform the supply of forestry industries, achieving the optimal allocation of forestry factors (Jung et al., 2017). This is conducive to fostering emerging industries, which in turn plays a positive role in promoting the advancement of the forestry industry.
Forestry itself has ecological benefits, and industry sectors that contribute to environmental development are likely to receive policy support, while sectors that generate excessive waste during production may face restrictions. If the coupling of forestry factor endowments and technological progress drives the development of environmentally beneficial sectors, it will promote the transformation of leading industries and foster the ecologicalization of the forestry industry structure (Gao and Zhang, 2021).
Based on this, this study proposed the following hypothesis:
H1. The coupling coordination between forestry factor endowments and technological progress bias directly promotes the upgrading of the forestry industry structure.
2.2 The spatial spillover effects of the coupling coordination between forestry factor endowment and technological progress bias on forestry industrial structure upgrading
With the advancement of regional economic integration, the coupling coordination between forestry factor endowments and technological progress bias not only affects a single region but also plays a role in the upgrading of the forestry industry structure in neighboring regions through spatial spillover effects. According to regional economic theory, spatial spillover effects refer to the influence of economic activities in one region on the economic development of neighboring regions. This effect is realized through various channels such as the flow of factors, technology diffusion, and industrial linkages (Jiang Y. and Jiang J., 2021).
In the forestry industry, technological innovation and optimal factor allocation often achieve success in one region before gradually spreading to neighboring areas. For example, advanced forestry management technologies and equipment are disseminated to nearby regions through corporate cooperation, industry exchanges, and other channels, thereby improving overall forestry production efficiency (Hou et al., 2023). At the same time, the flow of factors such as labor and capital between regions promotes the reallocation of advantageous resources, driving the upgrading of the forestry industry structure in surrounding areas.
The synergistic effect of regional policies also provides favorable conditions for spatial spillover effects (Ye et al., 2024). When governments design relevant policies, if they can take into account the development needs of different regions and form a diversified support system, it will drive inter-regional cooperation and interaction. This enhances industrial agglomeration effects and creates a virtuous cycle along the upstream and downstream of the industrial chain (Chen and Zhang, 2019), thereby accelerating the rational flow of technology and resources, and further promoting the rationalization, advancement, and ecologicalization of the forestry industry structure.
Based on this, this study proposed the following hypothesis:
H2. The coupling coordination between forestry factor endowment and technological progress bias promotes the upgrading of the forestry industrial structure through spatial spillover effects.
3 RESEARCH METHODS
3.1 Setting of spatial weight matrix and spatial correlation test
Spatial autocorrelation testing is fundamental to spatial econometrics and typically involves using Moran’s I to study the spatial correlation and distribution characteristics of spatial units. In this study, we integrated economic attributes and geographical distance features by combining economic distance weights with geographical distance weights to construct a spatial econometric-geographic weight matrix. The formula for calculating the weight matrix is as follows:
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In Formula 1, dij represents the geographical distance between regions i and j, Yi and Yj represent the per capita forestry total output value of regions i and j respectively. The α took the value of 0.5. Then, the global Moran’s I is calculated to describe the spatial characteristics of forestry industry structural upgrading, with the Formula 2 as follows:
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If the global Moran’s I is positive, it indicates that the distribution of indicator values in each region shows spatial positive correlation; conversely, if it is negative, it indicates spatial negative correlation. If the global Moran’s I value is 0, it indicates that the distribution of indicator values in each region shows randomness.
3.2 Spatial econometric models
This study used panel data to construct spatial econometric models, aiming to better observe the heterogeneity of individual behaviors across provinces in both time and space dimensions, thereby preventing estimation errors that may arise from omitted variables. Spatial Error Model (SEM) reflects unobserved spatial correlation by introducing spatial error terms. Spatial Lag Model (SAR) reflects the possibility that the value of the dependent variable in a certain area may be influenced by the values of explanatory variables in neighboring areas by introducing spatial lag effects. Spatial Durbin Model (SDM) integrates both spatial lag effects and spatial error terms, providing a more comprehensive reflection of spatial correlation and spatial heterogeneity. In this study, we constructed a spatial econometric model and determine the optimal model for analysis through testing. The model expression is as follows:
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In Formula 2, Yit represents the dependent variable, where Y1it represents rationalization of forestry industry structure, Y2it represents advancement, and Y3it represents ecologicalization. ρ is the spatial autocorrelation coefficient, Wij is the spatial weight matrix, β is the general regression coefficient, γ is the spatial regression coefficient, μi and λi represent spatial and time fixed effects respectively, εit represents the error term. When γ = 0, the model degenerates into a Spatial Lag Model (SAR); when γ + ρβ = 0, the model degenerates into a Spatial Error Model (SEM); and when γ = 0 and ρ = 0, the model degenerates into a simple Linear Regression Model (OLS).
Considering the actual situation where the upgrading of forestry industry structure may be influenced by the previous period’s development level, this study introduced the spatial lag term lagged by one period of the dependent variable and constructs a dynamic SDM.
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In Formula 3, τ represents the elasticity coefficient of spatial lag effect.
Lesage and Pace proposed that compared to traditional Linear Regression Models, the SAR and the SDM expand the information set by introducing spatial lag terms, resulting in regression coefficients that cannot effectively explain the impact of each explanatory variable on the dependent variable (Lesage and Pace, 2009). Therefore, following Elhorst’s approach, the total effect of the coupling coordination between forestry factor endowment and technological progress bias on the upgrading of forestry industry structure was decomposed into direct and indirect effects (Elhorst, 2012). The total effect refers to the average impact on the upgrading of the forestry industry structure, the direct effect refers to the impact on the upgrading of the forestry industry structure in the local area, and the indirect effect refers to the impact on the upgrading of the forestry industry structure in neighboring areas.
4 VARIABLE SELECTION AND DATA SOURCES
4.1 Variable selection
4.1.1 Dependent variables
This study took the indices of rationalization, advancement, and ecologicalization of the forestry industry structure, denoted as RFIS, AFIS, and EFIS, respectively, as the dependent variables. The RFIS represents the degree of coordination in the development of different industries, reflecting the quality of aggregation and efficiency of resource allocation of capital, labor, and land among different industrial sectors. The rationalization of industrial structure can be measured using either the degree of deviation in industrial structure or the Theil index. Considering that the Theil index does not have an absolute value calculation, while also incorporating the theoretical foundation and economic significance of the structural deviation. This study measured the RFIS using an improved Theil index (Yao and Ma, 2022; Hu J. et al., 2023; Hu L. et al., 2023), calculated by the following formula:
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In Formula 4, Y represents the total output value of the forestry industry, Yi represents the output value of the ith sector of the forestry industry. L represents the total number of employees in the forestry industry, and Li represents the number of employees in the ith sector of the forestry industry. When RFIS = 0, it indicates a rational industrial structure; conversely, the larger the RFIS value, the less rational the industrial structure.
The AFIS reflects the transition of industries from a lower-level structure to a higher-level structure. The advancement of industrial structure is currently measured mainly through three methods: the non-agricultural output ratio, the industrial structure adjustment coefficient, and the industrial structure hierarchy coefficient. Both the non-agricultural output ratio and the industrial structure adjustment coefficient fail to reflect the overall changes in the industrial structure and do not provide a comprehensive assessment of the three sectors. On the other hand, the industrial structure hierarchy coefficient can simultaneously reflect the structure of the three sectors as well as the relative structure between them, offering a more comprehensive interpretation. This study measured the AFIS using the coefficient of industrial structure hierarchy (Yao and Ma, 2022; Hu J. et al., 2023), calculated by the following formula:
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In Formula 5, Ci and Si represent the weight and output proportion of the ith industry, respectively. Following common practice, weights for the primary, secondary, and tertiary industries were assigned values of 1, 2, and 3, respectively. The higher the proportion of output for the secondary and tertiary industries, the greater the degree of industrial structure advancement.
The EFIS reflects the coordinated development between industry and the environment. It is manifested in maximizing the ecological benefits of forestry while ensuring that pollution and environmental burdens caused during the production process are minimized through efficient resource recycling. This study, following common practices, constructed a comprehensive index system (Lyu et al., 2018; Si and Yao, 2022; Zhou et al., 2024), with the calculation formula as follows:
[image: image]
In Formula 6, wi represents the weight of the index determined by the entropy weight method, xi represents the evaluation index, including afforestation area, total energy consumption of forestry production, emissions of sulfur dioxide, particulate matter, and solid waste from forestry industry. All indices had been standardized and treated in the same direction. A higher value of EFIS indicates a higher degree of ecologicalization of the industrial structure.
4.1.2 Core explanatory variables
In this study, the core explanatory variable selected was the coupling coordination degree (D) of forestry factor endowment and technological progress bias. Which reflects the matching degree of forestry factor endowment and technological progress bias, serving as a necessary condition for fully utilizing forestry resources, enhancing the value of forestry technology, and promoting industrial structure upgrading.
First, the relative abundance of forestry factor in different regions was measured by the relative scarcity between forestry capital, labor, and land factors. Specifically, the relative endowment coefficients of forestry factors were used to evaluate the relative endowment level of forestry factors in each region. The calculation formulas for the relative endowment coefficients of labor and capital factors are as follows (Xue and Zhou, 2019):
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In Formula 7, Ki, Li and Ai represent the forestry capital, labor, and land inputs in region i respectively. If λLKi > 1, it means that in region i, the labor input is relatively abundant compared to the capital input; if λLKi < 1, it means that the labor input in region i is relatively scarce compared to the capital input. The calculations and interpretations of λKai and λAli are similar.
Forestry technological progress bias was measured by constructing bias indices BLK, BKA and BAL. The methods for measuring technological progress bias mainly include the CES production function, data envelopment analysis (DEA), and transcendental logarithmic production function (Translog). However, the CES production function and DEA are generally used to analyze technological progress bias under the conditions of two production factors, capital and labor. These methods cannot calculate the technological progress bias between multiple factors. In contrast, the transcendental logarithmic production function assumes variable substitution elasticity, considers the interactions between input factors, and decomposes the total error into random error and inefficiency-related errors. This method is more rational and can accurately calculate the technological progress bias for the three production factors. First, we established a transcendental logarithmic production function that includes capital, labor, and land, as follows (Heathfield and Wibe, 1987):
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In Formula 8, Yit represents the total output value of the forestry industry in each province, β0 is the mean cross-section effect, Kit, Lit and Ait denote the stock of forestry capital, the quantity of labor input, and the area of land used in forestry production, respectively. T represents the time trend; βK, etc. denote the accumulation effects of each factor; βKK, etc. represents the scale effect; and βKL, etc. represents the synergistic effect. In this study, the forestry capital stock was calculated using the perpetual inventory method with 2005 as the base year. Labor input was represented by the number of forestry workers at the end of each year. Forestland input was derived from the data of the sixth, seventh, eighth, and ninth National Forest Resources Inventories.
Using the results from the transcendental logarithmic production function, the forestry output elasticity α was calculated to reflect the extent of changes in forestry economic output influenced by the input of production factors over a certain period. Subsequently, this can be used to calculate the technological progress bias in forestry. For example, the formulas for the technological progress bias of capital and labor are as follows:
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In Formula 9, MP represents the marginal product of the factor, and ∂MP/∂T represents the increment of the marginal product of the factor. If BLKi > 0, it indicates that technological bias in forestry is inclined towards labor; otherwise, it is biased towards capital. The calculation formulas and meanings for BKA and BAL are similar (Diamond, 1965; Jiang et al., 2024).
Finally, this study adopted the coupling coordination model to calculate the coupling coordination of two subsystems: forestry factor endowment and technological progress bias. The coupling degree is calculated using the following formula:
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In Formula 10, Ui represents the comprehensive value of each subsystem, and the distribution range of C values is [0,1]. A larger C value indicates less dispersion among subsystems and a higher degree of coupling. To avoid the phenomenon of false coupling, a coordination degree is introduced to reflect whether the system coupling is benign, constructing a coupling coordination model (Yang et al., 2023; Yuan et al., 2024). The calculation formula is as follows:
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In Formulas 11, 12, represents the coordination degree between the two, where D represents the coupling coordination degree of forestry factor endowment and technological progress bias. α and β represent the degree to which each subsystem affects the entire system. This study assumed that the importance of the two subsystems was equal, so α = β = 0.5.
4.1.3 Control variables
Control variables encompassed two main aspects: forestry industry factors and macroeconomic factors (Xiong et al., 2018). Regarding forestry industry factors, forestry inputs comprised capital input, labor input, and land input, while forestry output was measured by the total forestry output value (Chen and Jiang, 2014). The essence of upgrading the forestry industry structure lies in the advancement of both vertical integration and horizontal connectivity among forestry sectors under the influence of technological innovation. The focus of technological innovation ultimately manifests in the improvement of efficiency in utilizing forestry resources. Therefore, forestry capital productivity, forestry labor productivity, and forestry land productivity were chosen to comprehensively measure the input-output efficiency of forestry factors. When these ratios increase, the efficiency of factor production improves, thereby promoting the upgrading of the industry structure. Additionally, factors reflecting the forestry industry’s situation were selected, including the control rate of forestry pests and diseases (Xiang et al., 2021), the average income of forestry personnel, and national forestry investment. In terms of macroeconomic factors, this included the degree of openness (Lu and Zhang, 2022), measured by the ratio of the total value of imports and exports to regional GDP after adjustment; the level of economic development, measured by per capita GDP after adjustment; and the urbanization rate (Tang and Li, 2017).
4.2 Data sources and descriptive statistics
The study focused on 31 provinces across China, categorizing them into four regions: Eastern, Central, Western, and Northeastern China based on the classification provided by the National Bureau of Statistics. For the reason of data availability and timeliness, the sample data for each variable covered the period from 2005 to 2021, spanning a total of 17 years. The data provided a relatively complete time span while ensuring consistent statistical standards. This ensured a comprehensive and accurate reflection of the development status of China’s forestry industry. The original data for all variables were sourced from authoritative publications, such as the China Statistical Yearbook and the China Forestry Statistics Yearbook (or China Forestry and Grassland Statistics Yearbook), which underwent systematic statistical processing and verification. Some of the forestry data were sourced from the Sixth, Seventh, Eighth, and Ninth National Forest Resources Inventory of China, ensuring a certain level of reliability and accuracy. In order to mitigate the impact of differences in data ranges on model fitting results and to alleviate heteroscedasticity effects, logarithmic transformations were applied to LR, AR, AI, NI, and GDP during the testing and fitting of the spatial econometric models in this study. The descriptive statistics of variables were shown in supplementary materials (Supplementary Table A1).
5 RESULTS AND DISCUSSION
5.1 The degree of coupling coordination between forestry factor endowment and technological progress bias
Between 2005 and 2021, the average annual values of the coupling coordination between forestry factor endowment and technological progress bias nationwide ranged between 0.3 and 0.5, indicating a state of mild to imminent imbalance. The relatively low degrees of coupling coordination had hindered the effective operation of inducement mechanisms for technological transitions, a trend similar to findings in agricultural research by other scholars (Xue and Zhou, 2019).
Figure 1 intuitively illustrates the spatial distribution of coupling coordination between forestry factor endowment and technological progress bias in the years 2005, 2011, 2016, and 2021. Overall, there was an upward trend in coupling coordination from 2005 to 2016, followed by a downward trend from 2017 to 2021. Specifically, Shanghai and Xizang exhibited relatively favorable and stable degrees of coupling coordination. Beijing showed a rapid upward trend, transitioning from being on the verge of disorder to basic coupling coordination during the observation period. Heilongjiang exhibited a certain downward trend, while southern provinces such as Jiangxi, Jiangsu, Zhejiang, and Guangxi showed relatively more fluctuations. However, their overall levels remained higher than those of other provinces.
[image: Figure 1]FIGURE 1 | The spatial distribution of the coupling development level between forestry factor endowment and technological progress bias.
5.2 Spatial correlation testing
Supplementary Table A2 shows that the Moran indices were mostly positive, with a few exceptions, and significant at the 10% level. The results indicate a significant positive spatial correlation in the rationalization, advancement, and ecologicalization of the forestry industry structure, suggesting the presence of spatial clustering phenomena.
5.3 Analysis of the impact of the coupling coordination between forestry factor endowment and technological progress bias on the RFIS
This study used LM test, Hausman test, LR test, and Wald test to select the appropriate spatial econometric model for rationalizing the forestry industry structure. The LM test was used to determine whether spatial lag effects and spatial error effects were present. If neither was significant, the OLS model should have been used. The Hausman test was employed to distinguish between fixed effects and random effects, while the LR test further identified whether the fixed effects pertained to spatial fixed effects, time fixed effects, or both. Additionally, the LR test and Wald test together assessed whether the SDM model degenerated into a SAR model or SEM model. Table 1 shows that at the national level, the SDM with dual fixed effects was adopted. For the central China, the SEM with dual fixed effects was adopted. However, the spatial lag and spatial error models for the eastern, western, and northeastern China did not pass the test at the significance level of 10%. Therefore, the OLS was adopted for these three regions. Simultaneously, the variance inflation factor (VIF) values for all variables at both the national and regional levels were less than 5, indicating that there was no multicollinearity.
TABLE 1 | Test results of the spatial econometric model for the rationalization of the forestry industry structure.
[image: Table 1]From the results at the national level (Table 2), the spatial autocorrelation coefficient (rho) of the static SDM model was significantly negative (1% level), while that of the dynamic SDM model was significantly positive (1% level). As the rationalization level of the forestry industry structure improves within a local area, the degree of optimal allocation among various sectors of the forestry industry increases. In the short term, there may be competitive effects between neighboring regions. However, in the long term, positive spatial spillover effects emerge between neighboring regions. This phenomenon stimulates various sectors of the forestry industry to fully exploit their comparative advantages. Through geographical and economic associations, it promotes the optimal allocation of resources and industries across various regions.
TABLE 2 | Estimated results of the SDM for the rationalization of the forestry industry structure.
[image: Table 2]From the results of the effect decomposition in the dynamic SDM model (Table 3), it can be observed that the improvement in the degree of coupling coordination between forestry factor endowment and technological progress bias (D) was conducive to fully exploiting the advantages of factor endowment and the value of forestry technology in the region (at a significance level of 5%). This enhancement increases the efficiency of resource utilization and allocation, thereby creating a better environment for the rational development and optimization of the forestry industry structure in the region. Moreover, it attracts more technology and capital into the forestry industry sectors of the region, facilitating the optimal allocation of resources among the three sectors of the forestry industry and advancing the rationalization process of the forestry industry structure. This also confirmed the positive effect on the rationalization of the forestry industrial structure, as proposed in hypothesis H1. However, due to the overall low degree of coupling coordination in China, coupled with the geographic constraints on the mobility of forest land resources and significant spatial disparities in both forest land resources and forestry capital investment, the impact of coupling coordination on the rationalization of the forestry industry structure in neighboring regions is not prominent. The positive effect of spatial spillover, as proposed in hypothesis H2, on the rationalization of the forestry industrial structure was not yet evident.
TABLE 3 | Decomposition results of the effect of dynamic SDM on the rationalization of the forestry industry structure.
[image: Table 3]As for the control variables, the indirect effect coefficients of the control rate of forestry pests and diseases (PCR) was consistently negative and significant (1% level), indicating a positive spatial spillover effect. This suggests that through technological spillovers, neighboring regions’ industrial structures are facilitated towards rationalization. The coefficients of openness (OPEN) and economic development level (GDP) were both negative and significant (1% level), promoting the rationalization of the forestry industry structure. This openness brings about a richer market space and demand for the forestry industry, providing more financial and technological support, thus offering new impetus and support for the coordinated development of the three sectors of the forestry industry. The coefficients of urbanization rate (UR) were consistently positive and significant (1% level). The increase in the urbanization rate may lead to population concentration in urban areas, potentially imposing constraints on the development of some labor-intensive forestry industries.
From the regional analysis results (Table 4), there was a certain negative impact of coupling coordination on the rationalization of the forestry industry structure in the eastern China (at a significance level of 1%). This region has relatively limited forest land resources and a relatively homogeneous industrial structure, with a stronger focus on the development of the forestry tertiary industry. Some coastal provinces rely on timber imports from southern forestry areas and external sources to develop the forestry secondary industry, such as wood product manufacturing (Song and Yang, 2020). The reliance on a single development model hampers the effectiveness of coupling coordination and may impede the rationalization of the industrial structure. The insignificant impact of coupling coordination on the western, central, and northeastern China may be attributed to the prevailing imbalance in most provinces, resulting in evident misalignment phenomena and insufficient driving force towards the rationalization of the forestry industrial structure. The western China is influenced by its diverse natural environment, leading to significant differences in the demand for and applicability of forestry technologies across different areas. There are considerable variations in forestry production technology efficiency, with overall efficiency being relatively low, and the region’s capacity to introduce and absorb forestry technologies is weak (Zang et al., 2014). In the northeastern China, the forestry industry has been affected by the comprehensive cessation of natural forest logging. As a result, the industry has gradually transitioned from traditional timber harvesting to a more diversified structure. The rationalization process of the forestry industrial structure is further driven by policy and institutional reforms.
TABLE 4 | Estimated results of the rationalization of the forestry industry structure in the four regions.
[image: Table 4]5.4 Analysis of the impact of the coupling coordination between forestry factor endowment and technological progress bias on the AFIS
Similarly, Table 5 shows that at the national level, the SDM with dual fixed effects was adopted. The eastern, central, and northeastern China should adopt the SAR with double fixed effects, while the western China should adopt the OLS.
TABLE 5 | Test results of the spatial econometric model for the advancement of the forestry industry structure.
[image: Table 5]From the results at the national level (Table 6), the spatial autocorrelation coefficient (rho) of the static SDM model was significantly negative (1% level), while that of the dynamic SDM model was significantly positive (5% level). As the advancement level of the forestry industry structure improves within a local area, the development mode increasingly relies on technological progress. Simultaneously, the forestry industry changes towards deep processing and high value-added products. In the short term, there is a noticeable competitive effect among different regions. However, in the long term, the advancement level of industrial structuring between neighboring regions mutually promotes each other. Knowledge and technology exhibit spillover effects, enabling neighboring regions to mutually propel the forestry industry towards higher levels of transformation.
TABLE 6 | Estimated results of the SDM for the advancement of the forestry industry structure.
[image: Table 6]From the results of the effect decomposition in the dynamic SDM model (Table 7), the degree of coupling coordination between forestry factor endowment and technological progress bias (D) may have a short-term negative impact on the advancement of the local forestry industry structure (at a significance level of 5%). Simultaneously, there exists a certain level of competition among different regions (at a significance level of 1%). Due to the overall low degree of coupling coordination in China, the introduction of new technologies into the forestry industry is constrained by limited forestry factor endowments. As a result, forestry resources face obstacles in entering emerging forestry industries with high value-added and deep processing. This hinders the transition of development modes and is unfavorable for the advancement of the local forestry industry structure. Additionally, differences exist in the factor endowment structures and technological progress biases among regions, leading to potential contradictions between the spatial spillover effects experienced by neighboring areas and their own resource structures. However, with the continuous improvement of coupling coordination, the adverse effects are expected to gradually diminish over the long term. As China’s forestry industry continues to develop, the aspects related to the advancement of the forestry industry structure in both Hypothesis H1 and Hypothesis H2 are expected to be gradually validated in the future.
TABLE 7 | Decomposition results of the effect of dynamic SDM on the advancement of the forestry industry structure.
[image: Table 7]As for the control variables, the coefficients for forestry labor productivity (LR) and degree of openness (OPEN) were negative. In this context, the short-term significance level of LR direct effect was 1%, the long-term was 5%, and the short-term significance level of indirect effect was 10%. The short-term significance level of OPEN direct effect was 5%, and the short-term and long-term indirect effects were both 1%. This observation may be attributed to issues such as slow advancement in the quality of forestry labor and an insufficient quantity of skilled forestry workforce in China. The lack of highly skilled forestry personnel could impede innovation within the production process. Additionally, the overall quality of forest product exports in China tends to be low. With an increase in the degree of openness, the rise in exports of primary forest products may accelerate forest resource depletion, exacerbating resource constraints, and adversely affecting the advancement of the forestry industry structure. The short-term direct effect coefficient of forestry land productivity (AR) was positive and significant (10% level), indicating a promoting effect in the short term. Limited forest land resources can be combined with forestry capital and labor to form more efficient production combinations, which is conducive to further developing high value-added forestry industries such as deep processing of forest products, thereby promoting the advancement of the forestry industry structure towards a higher level. The coefficients of economic development level (GDP) were all significantly positive (short term and long-term levels were 1% and 5% respectively), providing a better economic foundation, development environment, and innovation impetus for the development of the forestry industry. This stimulates deeper demand for forest products among consumers, and this deeper demand structure can guide the forestry industry towards higher value-added and higher-quality directions. The coefficients of urbanization rate (UR) were all significantly positive (except for short-term indirect effects at the 5% level, all were significant at the 1% level), which can promote the gathering of more capital and talent in urban areas. Simultaneously, it also drives the clustering of industries and the improvement of industrial chains in the surrounding areas of cities. Leveraging the advantages of urban areas facilitates the synergistic development and positive interaction of upstream and downstream industries, thereby promoting the transformation of the forestry industry towards deep processing and higher value-added.
From the regional analysis results (Tables 8, 9), it was observed that the degree of coupling coordination in the eastern China has a certain negative impact on the advancement of the local forestry industry structure (5% level). However, it exhibits significant spatial spillover effects on neighboring regions (10% level). This phenomenon may be attributed to the relatively higher level of economic development in the eastern China, along with the abundance of forestry technology and talent compared to other regions. Nonetheless, it faces constraints such as low resource allocation efficiency and increasing environmental pressures, resulting in some negative impacts. Moreover, the presence of technological spillovers and non-exclusivity implies that the eastern region has a more pronounced spatial spillover effect on neighboring regions. Due to factors such as the remote geographical locations, poor transportation, and uneven resource distribution in some provinces, the degree of spatial correlation in the western region is relatively low. Xizang, Qinghai, and Xinjiang are relatively isolated within the western region, with weaker connections to other provinces, resulting in no significant spatial spillover effects. Additionally, some provinces in the western region experience notable land desertification and soil erosion, making it an ecologically fragile area. Therefore, the development of forestry in this region should still prioritize ecological construction. The central China stands out for its distinctive characteristics in the development of the forestry industry, focusing mainly on industries such as woody oil crops, medicinal herbs from forests, and tea. It exhibits a higher reliance on the natural geographical environment, with relatively weaker effects from advancements in forestry technology. The Northeast China may be influenced by policies such as the comprehensive logging ban and the transformation of state-owned forest areas. As a result, the output of commercial timber continues to decline, leading the forestry industry to gradually shift towards activities such as forest carbon sink, undergrowth economy, forest tourism, and advanced wood processing. However, influenced by the management system of state-owned forestry enterprises, the development mindset remains conservative (Zhu et al., 2024a), and the driving effect of coupling coordination is not yet evident.
TABLE 8 | Estimated results of the advancement of the forestry industry structure in the four regions.
[image: Table 8]TABLE 9 | Decomposition results of the advancement effect of forestry industry structure in four regions.
[image: Table 9]5.5 Analysis of the impact of the coupling coordination between forestry factor endowment and technological progress bias on the EFIS
Table 10 shows that at the national level, the SDM with dual fixed effects was adopted. Similarly, The SAR with double fixed effects was adopted for eastern and central China, and the OLS was adopted for the western China. The spatial lag test results for the northeastern China were superior to the spatial error. Therefore, we adopted the SAR with random effects for this region.
TABLE 10 | Test results of the spatial econometric model for the ecologicalization of the forestry industry structure.
[image: Table 10]From the results at the national level (Table 11), the spatial autocorrelation coefficient (rho) of the static SDM was significantly negative (10% level), while that of the dynamic SDM was positive but not significant. With the improvement of the ecological level of the local forestry industry structure, the development of the forestry industry pays more attention to environmental protection and sustainable development. In the short term, there exists a certain competitive effect among neighboring regions. However, in the long term, the ecological level between neighboring regions mutually promotes each other, albeit not significantly. This may be due to differences in factors and policies between regions, resulting in the lack of obvious promotion of spatial correlation.
TABLE 11 | Estimated results of the SDM for the ecologicalization of the forestry industry structure.
[image: Table 11]As the spatial autocorrelation coefficient of the dynamic SDM was not significant, the static SDM model was chosen for effect decomposition. The results (Table 12) indicate that the direct effect coefficient of the coupling coordination between forestry factor endowment and technological progress bias (D) on the ecologicalization of the forestry industry structure was positive but not significant, while the indirect effect coefficient was negative and significant (1% level). This may be attributed to the overall low degree of coupling coordination in China, and the emphasis of the ecologicalization of the forestry industry structure on transitioning towards a greener, low-carbon, and circular economy, as well as restricting the development of highly polluting and energy-intensive forestry industries. This process requires joint promotion from technological progress and policy regulation. However, mismatches in policy regulation may affect the effectiveness of these efforts. Although theoretically, the coupling coordination between forestry factor endowments and technological progress bias should promote the ecological transformation of the industrial structure, the deviation in actual results may be related to the effectiveness and specificity of policy regulation. Effective policy regulation needs to be integrated with technological progress to jointly drive the sustainable development of the forestry industry. However, the current mismatch in policy regulation may result in the failure to achieve the expected outcomes, thus affecting the overall process of ecological transformation.
TABLE 12 | Decomposition results of the effect of static SDM on the ecologicalization of the forestry industry structure.
[image: Table 12]As for the control variables, the forestry labor productivity (LR) had a significant positive effect on the ecological transformation of both the local forestry industry and neighboring regions (10% level). It promotes the refinement of forestry production division, reducing waste and pollution generation during production processes, thereby enhancing ecological benefits. The average income of forestry personnel (AI) had a significant positive effect on the local forestry industry (10% level), attracting more talents to engage in forestry-related activities, thereby promoting technological innovation and industrial upgrading, leading to more efficient and environmentally friendly production methods. However, national forestry investment (NI) had certain negative effects (1% level), potentially due to mismatches between investment direction and environmental protection priorities, which may impact the effectiveness of forestry industry environmental protection measures. The control rate of forestry pests and diseases (PCR), degree of openness (OPEN), and economic development level (GDP) exhibited significant positive spatial spillover effects (1%, 5% and 1% levels respectively). Local areas achieve green transformation of the forestry industry through resource integration, introduction of green technologies, and deepening cooperation with neighboring regions, facilitating the sharing of resources, technology, and experience, thereby coordinating the green transformation of the forestry industry with neighboring regions. Forestry land productivity (AR) and urbanization rate (UR) had certain negative spatial spillover effects (5% and 1% levels respectively). With the advancement of urbanization, the development space of the forestry industry is constrained, leading to excessive intensive development of forestry land, such as excessive fertilization, pesticide abuse, and intensive planting, which may disrupt soil structure, affecting soil fertility and ecological balance.
From the regional analysis results (Tables 13, 14), The eastern China exhibited a positive effect of coupling coordination on the ecologicalization of the local forestry industry structure, albeit not significant. This region demonstrates relatively superior ecological and resource efficiency, which enables better utilization of resources and consequently enhances ecological benefits (Jiang et al., 2020). In the central China, the natural attributes of the forestry industry are more pronounced. However, there exists a certain degree of imbalance in coupling coordination. This hinders the effective application of technological progress toward enhancing the ecological benefits of the forestry industry. In the western China, there are significant regional disparities among provinces, with notable variations in the demand for and applicability of forestry technologies. Therefore, the central and western China exhibit limited driving force towards the ecologicalization of the forestry industry structure. The northeastern China demonstrates a significantly positive effect (10% level), as the forestry industry embarks on establishing mechanisms for realizing the value of forest ecological products, fostering the development of forest ecological products that yield both economic and ecological benefits (Zhu et al., 2024b). With the elevation of coupling coordination levels, this not only promotes the economic benefits of the forestry industry but also enhances ecological benefits.
TABLE 13 | Estimated results of the ecologicalization of the forestry industry structure in the four regions.
[image: Table 13]TABLE 14 | Decomposition results of the ecologicalization effect of forestry industry structure in four regions.
[image: Table 14]5.6 Robustness test
To ensure the reliability of the empirical analysis results, we conducted robustness test by changing the sample size and changing the core explanatory variables. First, we shortened the observation period by excluding the first and last few years of the sample data and re-running the regression. Then, we adjusted the calculation method of the core explanatory variables. In the baseline regression model, forestry factor endowment was measured by relative factor endowment (Equation 8). In the robustness test, it was adjusted to factor endowment coefficients, measuring the coupling development level of forestry factor endowment and technological progress bias in different ways, and used as a new core explanatory variable in the regression. For example, the formula for the capital factor endowment coefficient is: [image: image]. where Kit and Kt represent forestry capital in region i and the nation at time t, Yit and Yt represent forestry output in region i and the nation at time t, respectively. The same method applies to labor and forest land factor endowments.
Due to space limitations, the detailed results can be found in the supplementary materials (Supplementary Table A3–8). From the robustness test results, it is observed that while the values in the overall analysis model and regional heterogeneity analysis model fluctuate, the signs and significance levels remain generally stable. Additionally, after addressing the endogeneity issue, we introduced a one-period spatial lag term to construct the dynamic SDM model. Compared to the static SDM model, the regression coefficients’ signs and significance levels were consistent, further confirming the reliability of the empirical analysis conclusions.
6 CONCLUSION AND SUGGESTIONS
This study adopted a spatial perspective and employed panel data from 31 provinces in China spanning from 2005 to 2021 to construct spatial models and investigate the impact of the coupling coordination between forestry factor endowment and technological progress bias on industrial structure upgrading, as well as regional disparities. This study can provide new perspectives and decision-making support for achieving the upgrading of the forestry industry structure and promoting high-quality development. The main conclusions drawn from the analysis are as follows. (1) The overall coupling coordination between forestry factor endowment and technological progress bias in China remained at a relatively low level. Provinces such as Heilongjiang and Xizang, as well as Jiangxi, Jiangsu, and Zhejiang, leveraged their superior forest resource conditions, while Beijing and Shanghai relied on robust economic strength, leading to a higher level of coupling coordination compared to other provinces. (2) There was a significant spatial correlation in the upgrading of the forestry industry structure. Although the competitive effect was more pronounced in the short term, the cumulative effects of structural upgrading drove more significant synergistic effects in the long run. This was conducive to spatial agglomeration of regional forestry industries and achieving coordinated development. (3) The coupled development of forestry factor endowment and technological progress promoted the rationalization and ecologicalization of the industrial structure. However, due to the relatively low level of coupling coordination, it exerted a certain negative impact on advancement. Regionally, the low level of coupling coordination and regional disparities remained key barriers to promoting industrial structural upgrading through technological progress. In the eastern China, coupling coordination played a facilitating role in the advancement and ecologicalization of the industrial structure, with a clear trend in industrial development. Conversely, the influence of coupling coordination on various aspects of the industrial structure in the central and western China was not significant. In the northeast China, there was a promotion effect on the ecologicalization of the industrial structure, but the effect on rationalization and advancement was not evident.
Promoting the coupling coordination between forestry factor endowment and technological progress bias, and driving the upgrading of forestry industry structure, was conducive to achieving high-quality development of China’s forestry economy and advancing the construction of ecological civilization in the new era. Based on the research results above, the following recommendations were proposed. 1) Tailoring the bias of forestry technological progress and the structure of factor allocation according to local conditions. Develop differentiated forestry industry development strategies based on regional disparities and forestry factor endowments, fully leveraging the comparative advantages of different regions, optimizing the forestry industry structure, and promoting high-quality development of the forestry economy. 2) Establishing a sound mechanism for regional forestry development collaboration. Strengthen cooperation and communication between regions, deepen technological exchanges and resource sharing, promote the coordinated development and positive interaction of upstream and downstream industries between regions, and realize the coordinated development of the forestry industry. 3) Promoting forestry scientific and technological innovation and talent development. Encourage forestry scientific and technological innovation to enhance innovation capabilities and technical efficiency. Establish a sound mechanism for talent cultivation to train high-quality forestry management and technical personnel adapted to the needs of the new era. 4) Improving policy frameworks and regulations. Promote cross-departmental policy coordination and integration to strengthen policy guidance and stimulate innovation vitality in forestry enterprises. Deepen supervision of forestry industry development and establish a sound and scientific evaluation system to ensure ecological benefits while enhancing economic benefits.
Although this study examined the impact of the coupling coordination between forestry factor endowment and technological progress bias on industrial structure upgrading, there are still certain limitations. Firstly, due to data constraints, it is difficult to obtain complete micro-level statistical data, and our analysis at the regional level is not yet sufficiently in-depth, which may not fully capture the potential heterogeneity at the municipal or county level. Secondly, this study primarily focused on the impact on forestry industrial structure upgrading, but the coupling coordination between forestry factor endowment and technological progress bias may also influence forestry industry development from other perspectives. Therefore, in the future, we will further focus on specific regions, explore suitable data alternatives, and conduct more micro-level studies. Additionally, we plan to expand the research approach from more angles, incorporating more key variables to enrich research related to the coupling of factors and technology.
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