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This paper assesses the stochastic convergence of relative per capita ecological footprints within BRICS countries over the period 1961–2017 in the field of Public Health. Our initiatives have targeted ecological Indicator and health behaviors. Using the local Whittle estimator and some of its variants we assess whether relative per capita ecological footprints are long memory processes which, although highly persistent, may revert to their mean/trend in the long run thereby indicating evidence of stochastic convergence, or divergent processes in nutshell. Furthermore, we test whether (possibly) slow convergence or the complete lack of it may be the result of structural changes to the deterministics of each of the relative per capita footprint series by means of the tests of Berkes et al. (1) and Mayoral (2). For the ease of comparison, this paper assesses the stochastic convergence of relative per capita ecological capacities for BRICS as well. Our results show relatively strong evidences against stochastic convergence of ecological footprints. Furthermore, with regard to China and Russia, our results also decisively indicate that a slow or lack of convergence is the results of a structural break in the relative per capita ecological footprint series. However, our empirical researches support stochastic convergence of relative per capita ecological capacities for BRICS. In addition, we can conclude whether the per capita ecological footprints converge or not is dependent on the level of economic development, and the stochastic convergence occurs in those rich countries more probably, indicating that public health is becoming a more serious concern in developing countries.
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INTRODUCTION

The convergence implication envisaged by the neoclassical growth model is that if each country has the same savings rate, population growth rate and technological progress rate, the income level gap between countries will gradually disappear. Since the production of most goods and services requires the consumption of energies such as coal, natural gas and oil, energy-producing requires the exploitation of natural resources. The availability of many natural resources at low cost increases the vulnerability of countries' economic development models. Considering the close relationship between economic growth and environmental pollution, Grossman and Krueger (3) first introduced the Environmental Kuznets Curve (EKC). The EKC indicates that the degree of environmental deterioration will increase with the increase of the per capita income level, but the environmental quality will start to increase when the per capita income level reaches a certain threshold. This hypothesis means that there is an inverted U-shaped relationship between per capita income and environmental impact indicators and economic growth. At the same time, the view that economic growth will promote environmental improvement after a certain critical point has been discussed in many studies. Many studies believe that the income level of developing countries has not reached a critical point. With an increase in incomes, environmental pollution will continue to rise. On the other hand, developed countries are more successful in reducing environmental pollution, as their higher income levels may exceed the critical point or adopt cleaner energy technologies. Brock and Taylor (4) linked the environmental pollution indicators with the EKC hypothesis. Their Catch-up hypothesis means that poor countries have more environmental pollution. Moreover, in the initial stage, the gap of environment indicators between the rich and poor countries is divergent. This difference is rooted in the difference in the initial capital stock of the two countries. However, with their incomes increasing, once the developing countries start to use the advanced technology of environmental protection, the difference in environmental quality between the two countries will be reduced and various environmental pollution indicators will converge. Although the initial stage of economic growth resulted in environmental damage, the environmental quality is bound to be improved eventually.

In the past, air pollutants were used as a single indicator to measure environmental quality, which could not fully reflect the improvement of environmental quality. Now there is a more comprehensive environmental indicator, the ecological footprint. Ress (5) first proposed the concept of ecological footprint (EF), which was then developed by 4. EF is a measure of human demand for natural resources and services, revealing the relationship between human lifestyle, consumption patterns and consumed natural capital (5), which can comprehensively evaluate the feasibility of achieving a country's sustainable development goals. The Global Ecological Footprint Network describes the ecological footprint as: the ecological footprint measures the amount of “biologically productive” land or water that enables human beings to sustain itself. The term “biologically productive areas” refers to the areas with biological productivity that are needed to maintain the survival of individuals, regions or countries, or that can absorb wastes discharged by human beings. The ecological footprint can be used to evaluate and manage resource use throughout the country, measure and assess if people's lifestyles are sustainable, and account how much waste can be absorbed by the ecosystem, also known as “appropriated carrying capacity.” EF consists of 6 sub-footprints: carbon footprint, fishing grounds footprint, forest footprint, cropland footprint, built-up land footprint and grazing land footprint. These ecological footprints reflect a country's ownership of natural resources and the ecologically productive area that has been used, and can comprehensively reflect the environmental problems as well. Moreover, the ecological footprint is a resource accounting tool that measures how much renewable energies in the biosphere can be used by human activities. In addition, EF can also measure the ecological cost of goods and services that the nature provides to humans, such as land, and the maximum sustainable population in a given area. In a word, EF indicates the environmental limit and the extent to which human beings exceed the natural limit, which can assist countries to evaluate how the ecological resources are being used.

This study focuses on the BRICS countries for the following reasons:

First, compared with many other emerging countries, the BRICS countries have experienced a rapid transition from an ecological surplus to an ecological deficit. This is mainly due to the rapid economic growth of these countries over the past decade. The BRICS countries contribute 21% of global GDP and have 41% of the world's population. These countries have an average annual economic growth rate of 6.5% (6). Moreover, between 2005 and 2016, the total GDP of the BRICS countries ranged from US$ 218.7 billion to US$ 162.6 billion. The rapid economic growth has also led these countries to consume more than 40% of the global total energies, and they are also the major global CO2 emitters (7). They are facing both environmental and natural resource stresses due to their rapid economic growth. Their ecological indicators may be long-memory and may not converge. In view of this, in order to reverse the growing trend of carbon dioxide emissions, reasonable policies are needed to ensure that while economic development is taking place, it will not cause huge damage to the ecological environment.

Secondly, despite the huge potentials of renewable energies, BRICS countries still rely excessively on fossil fuels to meet their energy needs, which poses a huge threat to the environment. At the same time, while pursuing high-speed economic development, the region has also experienced a continuous decline in ecological sustainability. In addition, the research on this area can help the policy makers to prevent the environmental deterioration with practical and reasonable policies.



LITERATURE REVIEW

The literature on the deterioration of ecological footprints mainly focuses on developed countries and international organizations mainly composed of developed countries. As far as we know, the first paper on convergence of ecological footprints is Ulucak and Lin (8). They analyzed the random behavior of ecological footprints and each sub-component using Fourier unit root test via the dataset of ecological footprints of each state in the United States from 1961 to 2012. The empirical results show that the ecological footprints of states in US are non-stationary, and not mean-reverting processes. Therefore, an impact on these sequences will result in a permanent deviation from the long-term equilibrium paths. Since then, there have been a lot of relevant researches mainly exploring developed countries' ecological indicators. For example, Ulucak and Apergis (9) studied the convergence of the per capita ecological footprints using data samples from 20 EU countries during the period 1961–2013. The results show that there are three convergence clubs. Bilgili and Ulucak (10) studied the convergence of per capita ecological footprints among G20 countries during 1961–2014 by using bootstrap panel KPSS unit root test and club convergence test considering structural breakpoints. It is concluded that the per capita ecological footprints of these countries will reach random convergence and deterministic convergence, and two convergence clubs are identified. Solarin (11) uses LM and RALS-LM unit root methods to test the stochastic convergence of ecological footprints of 27 OECD countries from 1961 to 2013. They found that the ecological footprints and carbon footprints of 25 countries are stationary. They also performed β convergence and σ convergence test in their research. Among the 25 countries with random convergence, the ecological footprints of 13 countries are β convergent; among them, 15 countries have β convergent carbon footprints. In terms of σ convergence, the ecological footprints and carbon footprints of all countries selected meet the convergence criteria. Studies show that, although not all countries meet the convergence conditions, those countries in which convergence happened already can jointly formulate environmental protection policies to improve convergence among more countries. Yilanci et al. (12) uses the annual data of ecological footprints and each sub-component of 25 OECD countries from 1961 to 2013, and uses various stability test methods to prove that the other footprint sequences except the fishing ground footprint are stationary. Yildirim et al. (13) proposed the Fourier cross-section panel KSS unit root test to study the convergence of ecological footprints among 16 EU membership countries. They further use the rolling window method to consider the time-varying stationarity of the ecological footprint sequences. Through their study on the convergence of the ecological footprints and each sub-component, they prove that the convergence or divergence of the ecological footprints has different states in different periods.

In recent years, there have been a large number of researches on the convergence of ecological footprints between countries with different levels of development, and the relationship between the convergence of ecological footprints and the degree of economic development is discussed. Solarin and Bello (14) studied the convergence of the ecological footprints of 128 countries with different levels of development during the period 1961–2013. The results show that the ecological footprint series of 96 countries (81%) are non-stationary and there is no mean reversion (non-convergence). This means that various environmental protection policies have long-term and permanent effects in many countries. Bilgili et al. (15) selected 15 countries in Asia, Africa, America and Europe to test the stationarity of the ecological footprints, and asserted that the ecological footprints of the Asian group are non-stationary and diverge. Using the club convergence method proposed by Phillips and Sul (16) and Solarin et al. (17) showed that 92 countries' ecological footprints and each sub-component have club convergence. Ozcan et al. (18) used panel KSS and Fourier panel KSS to study the stability and convergence of ecological footprints in 113 countries with different levels of development depending on their national development levels. The ecological footprints of all high-income countries, some low-income countries and upper-middle-income countries are stable, while the ecological footprints of lower-middle-income countries are not stationary. Erdogan and Okumus (19) used the annual sample data from 1961 to 2016 to test the random convergence of ecological footprints and club convergence of different income groups. The FPKPSS panel statistics of the countries in the high, middle and low income groups indicate that the per capita ecological footprints are non-stationary. At the same time, the FKPSS method was also used to test the stability of ecological footprints at the national level. On this occasion, 6 out of 26 high-income countries and 8 out of 38 middle-income countries have stationary ecological footprints. In 8 out of 25 low-income countries ecological footprints are stationary. At the same time, the club convergence method was used to test the convergence of the ecological footprints. It is concluded that there are convergence clubs in different income groups. Işik et al. (20) employed the threshold autoregressive panel unit root test to study the convergence of ecological footprints of NAFTA countries during 1961–2016. The study suggested that EF converges at the latter stage of the threshold, and the second stage accounts for 48.8% of the total sample. The ecological footprints of the first stage are divergent. These conclusions highlight the need for NAFTA countries to formulate common environmental policies to mitigate environmental degradation.

With the rapid economic development in developing countries, the academic community has become more and more interested in the convergence of the ecological footprints of international organizations composed of developing counties in recent years. Yilanci and Pata (21) used the panel data of the five ASEAN countries' per capita ecological footprints from 1961 to 2016, and used two-mechanism threshold autoregressive panel unit root test to study the convergence of ecological footprints. Researches argue that the ecological footprints in the second mechanism are divergent; in the first mechanism they are absolutely convergent. The second mechanism accounts for 80% of the sample, so the results strongly support that the per capita ecological footprints of the five ASEAN countries are absolutely convergent, and they believe that common policies should be implemented to slow down the environmental deterioration. Tillaguango et al. (22) studied the convergence of the ecological footprints of Latin American countries from 1990 to 2016 and found that there exits a per capita ecological footprint club. Using the method of logistic regression, the paper explored the factors that affect the convergence of the ecological footprint clubs and found that economic complexity, shadow economy and abundance of natural resources can significantly affect the formation of the clubs. Their research indicated that there are three convergence clubs in Latin America, and the two clubs are divergent.

As can be seen from the literature review above, a large number of techniques have been applied to test the stochastic convergence and divergence of ecological and environmental indicators (8, 10, 13, 18, 20, 23, 24), but most of these studies only used the time series econometric method to analyze the existence of its stochastic convergence characteristics. From a random point of view, if the per capita ecological footprint sequences tend to converge as time lapses, the impacts of external shocks on the sequence should be only temporary, and the data are stationary. In the presence of a unit root, the external impacts on the sequence will be permanent, indicating that these sequences are divergent. From the literature review, it can also be clearly seen that the evidence of convergence of ecological and environmental indicators is very complicated. One possible explanation is that the existing literature ignores the possibility that ecological footprints are long memory processes, i.e., they are mean- (or trend-) reverting, but it will take a long time for these processes to arrive at their means or trends. There are two reasons to doubt this view: First, a country's ecological footprints are determinated by a lot of fundamental factors, such as economic size, economic structure and technological level. All these factors may only change slowly as time goes by, so environmental indicators such as relative ecological footprints between countries may also change slowly. Secondly, previous studies have found that GNP and per capita GNP are long memory processes (2). The long memory process means that there exists significant interdependent relationship between two observations over a long time, so the effects of shocks tend to decay slowly, although they are still mean-reverting in nature. If environmental indicators such as ecological footprints are indeed long memory processes, then previous studies might provide misleading results. For example, if the null hypothesis of a unit root has not been rejected in previous studies, this may not mean a lack of convergence, but may reflect that the environmental indicator has the difference order of fractionally integrated processes, which might not be integer. Therefore, this means that the convergence process is taking place, albeit vary slowly.

The analysis in this paper focuses on conditionally stochastic convergence, which does not require every country (region) to converge to the same steady-state level just as β and σ convergence do. When the per capita ecological footprint gap between countries (regions) follows a mean stationary process, i.e., the impact of the relative per capita ecological footprints only brings temporary deviation from their convergent trends. This paper uses the stochastic convergence test approach to determine whether it can be ensured that ecological indicators converge permanently in a country. If such a necessary mechanism does not exist, deviations from trends are permanent. Thus, the concept of convergence is more important to the study of ecological footprints because it can test the durability of impact effects. In this regard, few researchers use unit root test to study whether the impacts on ecological indicators are temporary or permanent. The lack of convergence researches makes it difficult for a country to take joint actions to hinder environmental deterioration. The stochastic behavior and dynamic changes of ecological indicators will help to formulate sustainable development policies. If ecological indicators are stationary, their impacts exerted by external shocks are transient, and these sequences will converge stochastically to their means once these impacts disappear. On the contrary, if the impacts are permanent, the sequences will diverge from their means. If the evolution trend of variables is known, the convergence and divergence of environmental indicators make it easier for policymakers to apply more effective environmental protection policies. In this paper, the fractionally integrated autoregressive moving average model (ARFIMA) is used to estimate the fractionally integrated parameters of the ecological indicators using the 1961–2017 data set. The ARFIMA model is a generalized version of ARIMA and an improvement on the I(0)|I(1) dichotomy. It can estimate the integration order parameters, which can be of any real number in the data generated processes. Because the unit root test can only judge whether the ecological indicators are convergent I (0) processes or divergent I (1) processes, and cannot test the convergence speed, the fractionally integrated model may be more appropriate.

In this paper, for exploring whether the relative ecological indicators per capita contain unit roots (the null hypothesis is a non-convergent process). We leverage the local Whittle (LW) estimation method (25) and its modified versions, e.g., exact local Whittle (ELW) and two-stage detrended (breakpoint) exact local (ELW) estimation method (26, 27) to estimate the parameters of fractionally integrated model. In contrast, the alternative assumption is that they are long-term memory processes that, although highly persistent, may return to their mean/trend over the long term (meaning slow convergence). The existence of structural breakpoints may lead to biased estimation of parameters [see (28, 29)]. In the case of the fractionally integrated processes, this problem is mostly applied to evaluate their expectation performance. From our point of view, there is evidence that the existence of structural breakpoints on the deterministic trend may lead to an overestimation of the order of the fractionally integrated process, so the conclusions drawn are biased in favor of supporting the long memory process [see (30, 31)]. In this study, the structural breakpoints are incorporated into the ARFIMA model by introducing dummy variables into the deterministic components Zt of Equation (5), including mean breakpoints and trend breakpoints, respectively. Furthermore, the Mayoral (2) test is used to identify the false long memory state in the ecological indicator sequences, i.e., the long memory phenomenon is caused by the existence of breakpoints in the deterministic trend of the sequences. Finally, we use the non-parametric CUSUM statistics of Berkes et al. (1) to determine the points in time when the structural changes of the ecological indicator sequences occur (if there is a breakpoint).



MODEL

In this paper, the fractionally integrated models are used to test whether the environmental indicators, e.g., ecological footprints and ecological carrying capacities in BRICS converge. The idea of this test is that if the per capita environmental indicators are converging between countries, the logarithm of the ratio of the per capita environmental indicators in a country to the average environmental indicators in all countries should be stationary, or at least the mean- (or trend-) reverting. Therefore, referring to Strazicich and List (32), this paper defines yit as the natural logarithm value of the relative environmental indicators per capita in t year of the i country, and its expression is shown in Equation (1):

[image: image]

The PCEit is the per capita environmental indicator in t year for the i country. J is the total number of countries. In order to test the null hypothesis that per capita environmental indicators diverge, we examine whether the natural logarithm yit of the annual per capita relative environmental indicators in the i country contain a unit root, or whether they can be characterized by trend-stationary and mean-reverting processes.


Discrimination and Test of Convergence of Relative Environmental Indicators per Capita

When a time series has the structural change in its deterministic trend, the standard unit root test method often has the problem of significant level distortion; Moreover, when the unit root of the sequence is close to 1, the performance of standard unit root test is affected substantially. In other words, the unit root test is often unable to decide whether a sequence is highly persistent or infinitely persistent. The test method based on fractionally integrated processes provides a general framework, which can test whether an ecological and environmental indicator is an I (1) process with infinite persistence or with long persistence (which may be not covariance-stationary), but characterized by mean reversion in the long term, indicating that the environmental indicator is an I(d) process with the integration order bounded the domain that 0 < d < 1. The fractionally integrated expression of a environmental indicator sequence containing a time trend, such as the ARIMA (0, d, 0) model, is shown by Equation (2):
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where uit is a white noise process with zero mean value, di is the integration order of a single sequence and a deterministic trend function (there may be breakpoints). According to various values of di, we can identify the states of convergence or divergence of relative per capita environmental indicators.

Scenario 1: −0.5 < d ≤ 0. This is a short memory process, i.e., there is “fast convergence” or “short memory convergence.”

Scenario 2: 0 < d < 0.5. This is a long memory but still stationary process, and also a convergent process with slowly (or smoothly) decaying speed. In this case, a country's environmental indicators might undergo a long period of convergence toward a common long-term trend.

Scenario 3: 0.5 < d < 1. This is a long memory process, which is non-stationary but still has the property of mean reversion. In this case, the process is characterized by a high degree of persistence. Therefore, the impact of the distant past will still have lasting effects on the present.

Scenario 4: d ≥ 1. This is a unit root or divergent process. In this case, any initial shock has a significant impact on the future, and the process is unlikely to return to the mean at some point in the future.

The testing approach to the fractionally integrated order allows a richer classification of convergence states, so that stationary convergence and non-stationary convergence but with mean reversion can be distinguished. Another characteristic of this classification scheme is that it can take into account the lasting impact of the previously invoked shock on the present, or the rapid attenuation without any impact on the present, and more importantly, it can take into account the states in between two extremes mentioned above. The simple I(0)|I(1) dichotomy could not capture these states because the standard unit root test can only considers two extreme cases, i.e., persistence or no persistence at all.

Then, we use local Whittle likelihood estimation method (LW) and various improved versions to estimate the parameter of fractional integration d of Equation (2). The advantage of this method is that the estimator is not affected by the non-stationarity of the short-term process. In order to judge whether a per capita environmental indicator is an unit root process or a mean-reverting and long memory process with finite or inflated variance (depending on the estimated [image: image] value), we conduct hypothesis test of the null hypothesis [image: image] and the alternative hypothesis [image: image]. If the hypothesis holds that per capita relative environmental indicators are mean-reverting, there is enough evidence to prove that these indicators are stochastically convergent processes.

After applying LW, ELW, two-stage detrended ELW (2ELWd) and the 2ELWd method with breakpoints removed to obtain an estimate of the order of the fractional integration [image: image] of the individual environmental indicator series, we use the Robinson (33)'s LM test framework to test the hypothesis of the environmental indicator series of each country as shown in Equation (4):

[image: image]

In this hypothesis test, the null hypothesis is the existence of unit root. The alternative is that the per capita environmental indicators have long memory characteristics. Robinson (33) proposed the following statistics and proved that the standard normal distribution is satisfied under certain regularity conditions:

[image: image]

where,
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I(λj) represents the periodogram of [image: image]t as follows:

[image: image]

where [image: image]t is the least squares residual obtained from Equation (2), g is a known function from the spectral density:

[image: image]

Robinson (33)'s test framework relies on some specific assumptions imposed on the short memory component ut. If it is a white noise, g ≡ 1; If it is a process that follows as the form of AR (1) ut = τut−1 + ηt, [image: image], and [image: image]. The parameter considered is the long memory parameter d, which shows whether a time series process is long memory. Because that d < 1 means the relative per capita environmental indicators converge, the null hypothesis is set as follows in this study:

[image: image]

This study uses the data set of the BRICS countries from 1961 to 2017 for empirical analysis. Obviously, the data set is a small sample (n = 57), so it is necessary to calculate the empirical distribution of various local Whittle estimators. When the sample size n = 57 and the truncation parameter α is in the interval [0.65, 0.8], we will give the accurate distribution of the memory parameter d estimators of LW, ELW, 2LWD and the detrended 2LWD method, and then construct the confidence interval of the estimators.



Convergence Pseudo-Long Memory Test of Relative Environmental Indicators per Capita

That relative environmental indicators are long memory processes indicates that it takes a long time for these indicators to approach convergent paths. However, although a time series (as mentioned above yit) is a long-term memory process, it is not clear whether it is indeed a long memory process or a short memory and stationary one with a mean shift (showing the characteristics of long-term memory processes). Although these two cases show that the sequences of relative environmental indicators per capita converge, it is slower for the stationary processes with mean shifts to approach convergence than the real long memory processes. If their means shift toward the upward direction of the sequences, these indicators converge more slowly; If means shift downwards, these sequences converges faster. After obtaining evidence that these indicators are long memory I (d) or infinite memory I (1) processes, this paper will continue to determine whether the potentially slow convergence or lack of convergence is real or the result of a structural change in the mean of an otherwise stationary process.

This paper introduces a test method proposed by Mayoral (2) to solve this spurious long memory problem. If per capita environmental indicators are pseudo-long memory processes, it means that these processes are stationary, but at a certain time point, a structural fracture occurs in the opposite direction of the sequence trend, indicating that the per capita environmental indicator would reach convergence after a shorter time. These two types of models fitting the two processes can be nested together and expressed as Equation (11) below. This paper assumes that the relative environmental indicator data set y1, y2, ···, yn are generated from the model listed as follows:

[image: image]

Where Zt is a deterministic component, and Vt(ω) can be a constant or a trend function. It is used to judge whether the time series has undergone structural changes. The observations of the time series are Zt−k after the break point appears, while they are evaluated as zeros before the break point appears. Meanwhile, the random term xt is defined as:

[image: image]

Based on this data-generating structure, the hypothesis testing should set the following null and alternative hypothesis:

[image: image]

To test the above hypotheses, Mayoral (2) proposed a semi-parametric test method, and constructed a Most Powerful Invariant (MPI) statistics by comparing the log-likelihood ratio under the null hypothesis H0 and the alternative one H1. This consistent statistics [image: image] is of the form as follows:

[image: image]

where the order [image: image] of fractional integration is the uniform estimator obtained by ELW and other methods. As a semi-parametric test method, the statistics should be evaluated by resorting to the ordinary least square method (OLS) to estimate the parameters in Equation (11) under H0 or H1 hypothesis, respectively. All the parameters of the numerator, including [image: image] and [image: image] on the right side of the Equation (14) are estimated when the null hypothesis H0 holds, while [image: image] and [image: image] in the denominator are estimated under the alternative hypothesis H1. At the same time, under the null hypothesis H0, [image: image] represents εit variance estimator. ω = k/n is the ratio of the number of sub-sample observations before the possible break point to the total sample. Considering that allowing the break point to appear in the whole interval (0, 1) will cause the test to have a very low power potentially, we adopt the restricted interval Ω = [0.15, 0.85] suggested by Andrews (34). In addition, the parameter λ2 in Equation (14) can be obtained from the following formula:

[image: image]

where γi is the i autocovariance function of εt, and k(▪) is the Bartlett kernel function. q is the bandwidth parameter. According to the method of Newey and West (35), we take q = 4 × (n/100)2/9 as the initial value and select the bandwidth automatically decided by data. Mayoral (2) proved that [image: image] is a uniform statistics.

For the initial estimate of fractionally integrated order of a single sequence and the test under the null hypothesis that [image: image], the Monte Carlo and Bootstrap critical values of the statistics [image: image] are given by means of 20,000 repetitions of the simulation of the time series data with sample size of 57. If the value of the statistic [image: image] is less than a critical value at a confidence level, this is evidence to reject the null hypothesis, which means that the time series is pseudo long-memory.



Identification of Time Point of Structural Mutation of Convergence Path of Relative Environmental Indicators per Capita

Although the test method proposed by Mayoral (2) has good test effect in identifying true long- memory (including infinite-memory, i.e., unit root processes) processes from pseudo long-memory ones, it is not a accurate break point detection method (23). This means that it can only identify whether a process is a long-term memory (non-stationary process) or a stationary process with a mean shift, but cannot identify the exact location of the break point in the case of “pseudo long-memory processes.” Therefore, it is necessary to identify the specific positions of all break points in the sequence by perfecting the above-mentioned test method. For this purpose, this study uses the null hypothesis H0 proposed by Berkes et al. (1), shown by the Equation (16):

[image: image]

where k* is a point in time when the mean-shift happens, and μ and μ + Δ is the unknown mean and shift of the potential data generated process respectively. The sequence {xt} is a fourth-order stationary process with a mean of zero. This study uses the non-parametric CUSUM statistics proposed by Berkes et al. (1) and Aue et al. (36) to test H0 listed below.

H0: The observations y1, y2, ···, yn follow the mean-shift process (21) and xt is the stationary process with a weak auto-correlated structure.

H1: The observations y1, y2, ···, yn are a long memory process, i.e. their potential model setting satisfies Equation (12).

For defining hypothesis test statistics, we apply the main ideas of Berkes et al. (1) to introduce a break point that occurs at time point [image: image], and estimate it by the following equation:

[image: image]

Since the identification program is designed for a single break point, we take the minimum {▪} in the algorithm for detecting possible breakpoints to obtain the position of the strongest mean shift point. Therefore, the entire sample is divided into two sub-samples dependent on the break point [image: image]. In each sub-sample, the Tn statistic can be constructed according to the following two formulas:

[image: image]
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In the above equations, the CUSUM statistics is standardized by long-term standard deviations sn,1 and sn,2 respectively. sn,1 is the standard deviation calculated based on the first piece of sample data [image: image]; sn,2 is the standard deviation calculated based on the second part of sample data [image: image]. There are several different methods to estimate the long-term variance [image: image]. For example, if the series {yt} has a serial correlation structure, it can be estimated according to [image: image] as follows:

[image: image]

The [image: image] can be calculated as follows:

[image: image]

Where ωj(▪) is a weighting kernel function, and q(n) is the bandwidth of the kernel function ωj(▪). Andrews (34) discussed seven different types of kernel functions that can be used to calculate the HAC estimator. We select the “Bartlett” kernel function ωj(q) = 1 − j/(q + 1) according to Berkes et al. (1) and Aue et al. (36) with the optimal bandwidth used by Newey West in the selected kernel function. Once the Tn statistics of the two sub-samples are obtained, the following Mn statistics can be constructed:

[image: image]

Tn can be used to discriminate whether the sample has been generated by a short or long-range dependent stationary process. Hence, if we split the sample at time [image: image], which is close to the true change-point k* asymptotically we can assume that [image: image] and [image: image] are samples from a stationary sequence with a constant mean. Thus, we can use Tn,1 and Tn,2 to test if the samples [image: image] and [image: image] have been generated by a short-range or long-range dependent process. The CUSUM statistic compares the sample mean of the first k* observations with the sample mean of the last (n − k) observations. If we assume a change in the mean at time k*, the absolute value of the difference of the means should be large for k = k*.

Berkes et al. (1) derived the following asymptotic distributions of the statistics Mn under the null hypothesis:

[image: image]

where B(1)(t) and B(2)(t) is a Brown bridge corresponding to two sub-samples, respectively. If the relative environmental indicator per capita is weakly dependent (there is no change in mean), the statistics Mn will converge to the upper bound of the Brown bridge. However, if an environmental indicator fellows a mean shift or a long memory process, Mn → ∞. The latter case is referred to as a false rejection of the null hypothesis that there is no change in mean. Because the dataset used here is not large enough to achieve an approximately asymptotic distribution. Therefore, we calculate the asymptotically critical values under H0 at the significance level of 10, 5 and 1% respectively. If Mn exceeds the critical value at a significance level, the null hypothesis cannot be rejected, and the breakpoint identified at the corresponding significance level is reasonable.

This paper follows the procedure shown in Figure 1 to test whether ecological indicators are convergent in BRICS countries.


[image: Figure 1]
FIGURE 1. A flow diagram for testing the long-memory of ecological indicators.





DATA

The data used in this paper are from National Footprint Accounts (NFAs). NFAs provides global and national annual accounting of biocapacity (BC) and ecological footprint (EF). This paper collects annual data of EF and BC per capita at the national level. The data range is from 1961 to 2017, with a total time span of 57 years. Figure 2 shows the trend of per capita ecological footprints and ecological carrying capacities of the BRICS countries (China, Brazil, India, Russia and South Africa) and the world. During the sample period, EFs are larger than the quantities enough to ensure sustainable development in BRICS and the world. In other words, the existing productive land and other resources are insufficient to meet the needs of human food, housing and CO2 absorption. During this period, around the worldwide, per capita EF increases by nearly 120%. BC per capita decreases by 50% during the same period. In 2017 the ecological deficit fell to 5.26 gha (a measure unit of ecological footprint and ecological carrying capacity), while EF almost doubled. This shows that human activities have been imposing great pressures on the nature. Although the ecological footprint can maintain the trend of not decreasing, the ecological carrying capacity decreases rapidly and the ecological deficit continues to increase every year. All three environmental indicators reveal that globally, human beings consume more resources with ecological productivity than available. For example, from 1961 to 2017, the ecological carrying capacity per capita decreases by 41.4%, from 3.12 gha to 1.83 gha per capita. This fact means that resources available per capita have been decreasing and more people are competing for limited resources (37).


[image: Figure 2]
FIGURE 2. Per capita environmental indicators for BRICS and the world (gha). Russian data before 1989 are replaced with data from the former Soviet Union. So you can see from the fifth chart that there is a jump in 1989.


Figure 1 shows that the world's per capita EF was stable in the 1980s and 1990s, and has shown an upward trend since the beginning of the twenty-first century, while per capita BC decreased gradually. Since 1961, the world EF per capita has been steadily increasing at a rate of 2.1% per year, almost tripling from 4.62 gha to 5.24 gha in 2017. Figure 2 also shows the trend of the per capita EFs and ecological carrying capacities of BRICS countries over time. In most countries, the per capita EFs continue to increase, while the per capita BCs are gradually decreasing or remain unchanged. With the rapid economic development of the BRICS countries, the problem of environmental pollution is becoming more and more serious. In 2017, all BRICS countries except Brazil were in ecological deficit. Compared with previous years, this deficit were very high in most of these countries. Therefore, it is necessary to study the stochastic evolution path of ecological indicators in BRICS. The EFs increase significantly in BRICS except for South Africa, especially after 1985. The per capita EFs have risen sharply in China and India, the biggest economies, indicating that these two countries are rapidly consuming natural resources. Although the trend of increase in per capita EF in Russia is not obvious, the level of per capita EF in Russia is higher than the sum of EFs in China and India. Although Brazil is the only BRICS country with an ecological surplus, its per capita BC is also declining at the fastest rate among BERICS, reaching the brink of an ecological deficit in 2017. Obviously, the level of economic development is closely related to the per capita EF. On the other hand, South Africa's ecological carrying capacity is obviously declining rapidly. In the past decade, China and South Africa have undergone higher ecological deficits than other countries. This means that the two countries with higher per capita incomes have put more pressures on the environment and faced a bigger problem of environmental deterioration. Environmental sustainability requires that the consumption of resources by the present generation cannot pose a threat to the needs of future generations. The imbalance between ecological footprints and ecological carrying capacities means that the present society is using the resources of future generations to live. In order to prevent the trend of further deterioration of the ecological deficit, the close cooperation between countries is required to take actions to improve the modes of production of enterprises and consumption patterns of human beings. Table 1 shows the descriptive statistics of BRICS and the world environmental indicators. From these summary statistics, we can see that there are also great differences in environmental indicators among BRICS. Russia has the highest per capita EF, while Brazil has the highest per capita BC.


Table 1. Summary statistics of per capita environmental indicators in BRICS and the world.

[image: Table 1]

From Figure 2, it is also clear that the CFs and BCs are persistent, BCs downwards and CFs upwards. With respect to most of series, the processes might be not mean-reverting, and exhibit long memory properties presumably from the argument proposed by Granger and Joyeux (38) that the aggregation of first order Markov processes leads to a long memory process.



EMPIRICAL ANALYSIS


Analysis of Convergence and Divergence of per Capita Ecological Indicators (EF and BC)
 
Convergence and Divergence of per Capita Ecological Indicators

Tables 2, 3 report the memory parameter estimates of the fractionally integrated processes estimated using LW, ELW and the ELW methods with detrended (or with removed breakpoints) for each environmental indicator sequence. The integration order of each environmental indicator in all countries is greater than 0, indicating that all sequences exhibit long memory characteristics. For each estimated memory parameter, a corresponding 95% confidence interval is provided. According to the confidence interval range of fractionally integrated proesses' memory parameters, it can be found that, in general, the confidence intervals of the memory parameter estimates of per capita ecological footprints in all countries have low bounds higher than 0.5, indicating that these indicators may be non-stationary. However, the low bounds of the confidence intervals of the per capita BC memory parameter estimates of BRICS are less than 0.5, which means that the per capita BCs may be stationary. For most countries, the memory parameter estimates of the ecological footprints per capita are greater than 1, which means that they will not converge to their common average of BRICS. Therefore, it is possible to reject both pure stationarity and unit root. In some cases, the effect of a given random shock will be temporary, but the sequence tends to return to its trend and converges slowly at a slower rate than a pure stationary sequence. The memory parameter of per capita BC sequences in BRICS are <1, indicating that these sequences are mean reverting (i.e., convergence). These insights can be analyzed in detail as follows.


Table 2. Long memory parameter estimates of per capita EFs in BRICS.
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Table 3. Long memory parameter estimates of per capita BCs in BRICS.

[image: Table 3]

As for testing per capita ecological indicators' convergence, the Monte Carlo critical values and bootstrap critical values of the Robinson test make the consistent conclusion, indicating that the per capita ecological footprint sequences of China and India are divergent; The per capita ecological footprints of Russia and South Africa are convergent, but the processes of convergence are quite slow; The per capita ecological footprint of Brazil shows a very weak convergence dynamics. All countries expect for South Africa have memory parameters of per capita carbon footprint series significantly >1, which means that the per capita carbon footprints of these four countries are far from convergence. China's relative ecological footprint per capita has the highest persistence ([image: image]); Russia's per capita relative ecological footprint has the lowest persistence ([image: image]), indicating that Russia's per capita carbon dioxide emissions are serious. The confidence interval for the estimated fractionally integrated process parameter (long-memory parameter) is very narrow and generally located within a positive interval range. For the relative ecological footprints per capita, the upper bound of the confidence intervals are generally >0.5, indicating that the ecological footprints are non-stationary and some are even mean-reverting, but exhibit long memory characteristics. The two environmental indicators in other countries do not have the feature of mean reversion and are not convergent. For South Africa and Russia, the inference results, i.e., convergence or divergence, are very consistent, no matter Monte Carlo or bootstrap approach is used to statistically infer. Specifically, the range of estimates [image: image] is between 0.49 and 0.72 (statistically always different from 1), indicating long memory and mean- reverting (convergent) processes, but not covariance stationary processes. Therefore, the per capita relative ecological footprints of China, India and Brazil are not convergent, while those indicators of South Africa and Russia are convergent, although the convergence will take quite long time ([image: image]).

However, as for the ecological carrying capacities, it is another story. The upper bounds of the memory parameters [image: image] of the BC sequences per capita in most of BRICS countries are greater than 0.5, but less than 1, which indicates that these sequences are mean-reverting, but of not stationary. These results show that in all BRICS countries the BC sequences are convergent, with quite different convergent rates. In China and India, the BC sequences have the longest memory degree, and the estimated memory parameters are [image: image] and [image: image], respectively, which means the two countries have the slowest convergent paths. However, the memory parameter of South African per capita BC sequence is that [image: image], in other words no long memory characteristic, i.e. converging quickly. The memory parameter estimate of the BC sequence of Russia is less than 0.5 ([image: image]). The analysis above means that the per capita BC is a stationary process, but a long memory process, converging in a relatively fast rate. From the policy perspective, as long as the government adopts environmental protection and resource use policies designed appropriately, the decline trends of the per capita ecological carrying capacities of BRICS can be reversed and eventually converge. It is not as stubborn as the worsening trend of the ecological footprints, which have put tremendous pressures on the governments of BRICS.



Statistical Test of Convergence and Divergence of per Capita Ecological Indicators (EF and BC)

We now turn our attention to investigating the finite sample simultaneous coverage probability and effectiveness of the critical intervals for the Robinson (33)'s tests. This kind of graphic is very useful for choosing among critical values that have reasonable coverage distortions and effectiveness improvements: it permits to make arbitrage between the coverage distortion and the true effectiveness for each critical values and then to chose the most appropriate. More specifically, we do both the IID and Monte Carlo and bootstrap sampling respectively for 2,000 independent replications with n = 64. In each replication, we calculate uncorrected marginal intervals. We then plot the point estimate of the coverage and effectiveness along with simultaneous confidence regions in Figures 3, 4.


[image: Figure 3]
FIGURE 3. A comparison of confidence intervals of Monte Carlo and counterparts of bootstrap for the Robinson test using EF indicators.



[image: Figure 4]
FIGURE 4. A comparison of confidence intervals of Monte Carlo and counterparts of bootstrap for the Robinson test using BC indicators.


We consider coverage plots as suggested by de Peretti and Siani (5) defined as follows. For a nominal coverage x the coverage is calculated as xs = 1 − 2 min{pv, 1 − pv}, where pv is equal to

[image: image]

where pv is the estimated probability distribution function at the true Robinson (27)'s statistics [image: image], using any of the bootstrap and Monte Carlo strategies described above. τ0 is the correspoding critical value, and B simulation repetitions. The closer the coverage line is to 45 degree line the better the strategy used to approximate the distribution of Robinson statistics performs. The third column of Figures 2, 4 presents the coverage plots of the interval based on inverting (single) bootstrap tests for the five BRICS countries. Not only is the frequency of coverages important to assess the performance of a CI but its length is also a relevant measure of its effectiveness [see (5)]. If two CIs have the same confidence level the shorter is preferable, indicating higher precision in the estimation. The second column of Figures 3, 4 presents the confidence level-effectiveness curves of the interval based on inverting (single) bootstrap tests based on the parameter estimates of the five counties. On the basis of confidence level-effectiveness curves, two critical values seem to have the same effectiveness (expect for Brazil) and to be dominated differently. Following the results on Figures 3, 4, the Bootstrap method has the most satisfactory “true” effectiveness for Brazil.

As is analyzed above, Figure 3 shows clearly that MC critical values should be resorted to judge the Robinson tests for EF indicators, and the confidence interval based on inverting bootstrap tests is by far the best method on the basis of coverage accuracy criterion in China and India. However, the bootstrap critical values should be used to infer Robinson tests in other BRICS countries since these coverage curves approaches 45 degree lines closer, and their confidence intervals are narrower.

It is obvious that the Bootstrap critical value does not perform well for judging the statistic hypothesis test of BC indicators in almost all BRICS countries (shown by Figure 4) since the MC plot is closer to the 45 degree line. Consequently, in these countries MC critical values should be employed to infer Robinson test. However, in Brazil, Bootstrap critical values are more appropriate tools to decide the inference of Robinson test at a significance level.




Pseudo-Long Memory Test (Mayoral Test) for Per Capita Environmental Indicator Sequences
 
Pseudo-Long Memory Judgment of Per Capita Environmental Index Sequence

In the second stage, for achieving the more accurate estimates of the long memory or infinite memory parameters in BRICS, we control the deterministic trend and possible breakpoints of the ecological indicator sequences. Table 4 provides the statistical test and long-memory parameter estimation results. The Mayoral test shown by Table 4 identifies which hypothesis is true: non-stationary long memory vs. I(0) + breakpoints for the environmental indicator series. The purpose of this test is to determine the cause resulting in the observed long-term memory processes: whether it is the result of a highly persistent shock, or whether those rare and unexpected events have changed the sequence's potential dynamics, inducing structural breakpoints. For each country, the first line reports the memory parameter estimates, while the second and third lines report the critical values generated by the corresponding methods, i. e. Monte Carlo and Bootstrap approaches. We discuss presence or absence of structural breakpoints in the context of ARFIMA models, and are particularly interested in the effect of structural breakpoints on fractional integration parameter estimates. The results in Table 4 show that the inference of whether or not per capita environmental indicator sequences are long memory is very robust. According to the statistics [image: image] of per capita ecological footprints of BRICS, there is no evidence to reject the null hypothesis that the per capita EF sequences are fractionally integrated process (FI) with long memory characteristics in BRICS countries. Therefore, we can conclude safely that these fractionally integrated sequences might be non-covariance-stationary, with no significant breakpoints in the deterministic trend detected (as shown in Figure 1).


Table 4. Pseudo-long memory Mayoral test of relative per capita environmental indicators in BRICS.

[image: Table 4]

In China and India, with respect to the per capita BC sequences, we cannot reject the null hypothesis that the sequences of Equation (7) are long memory processes by the Mayoral test, depending Monte Carlo and bootstrap critical values. As shown in Figure 2, the per capita BCs are really long memory processes. For Brazil and South Africa, the Mayoral statistics is calculated by using the memory parameter estimates obtained from the detrended 2ELWd method. Both Monte Carlo and bootstrap critical values show that there is a breakpoint in per capita BCs, indicating that per capita BCs converge faster. Although the memory parameters estimated by the LW method in Russia show the existence of structural breakpoints, for the LW method is a relatively ineffective method, we generally prefer to the estimation results of the improved LW method. Therefore, it can be concluded that there is no breakpoint for the per capita BC in Russia. The economic implication of this conclusion is very clear: the Mayoral test indicates that there is no breakpoint in most countries' environmental indicators, which means that environmental indicators are highly persistent processes.

Therefore, on the whole, the overwhelming majority of BRICS countries have not undergone structural changes in the per capita environmental indicators, and they are long memory processes. Implications arising from the results above that international multilateral agreements such as the Kyoto Protocol and the Paris Agreement, which restrict greenhouse gas emissions and promote sustainable development, have not played a substantive role.



Pseudo-Long Memory Statistical Test of per Capita Environmental Indicator Sequences

In this paper we use inverting (single) bootstrap tests to construct three confidence intervals named by H0: Monte Carlo, H0: Bootstrap and H1: Bootstrap (see notations shown by legends of Figures 5, 6) for the Mayoral test statistics in 5 BRICS countries and compare with each other and infer whether the H0 hypothesis hold at usual significant levels. The results presented in Figures 5, 6 suggest that CIs are constructed more profitably under H0 than under H1.


[image: Figure 5]
FIGURE 5. A comparison of confidence intervals of Monte Carlo and counterparts of bootstrap for the Mayoral test using EF indicators.
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FIGURE 6. A comparison of confidence intervals of Monte Carlo and counterparts of bootstrap for the Mayoral test using BC indicators.


Of the three confidence intervals, the evaluation of H0: Monte Carlo and H0: Bootstrap is based on their coverage accuracy and average length. Column 2 and 3 of Figures 5 and 6 show average lengths and the coverage probabilities of the confidence intervals calculated for 2,000 runs, respectively. A shorter average length corresponds to a better effectiveness performance. Figure 5 shows that the Monte Carlo test statistics produces CIs that are longer (lower effectiveness) than CIs constructed using the bootstrap test statistics for EF indicator in China, India and Brazil; while MC critical values are of minor advantages over Bootstrap counterparts in South Africa and Russian based on effective curves.

The results set out in Figure 6 show that the confidence interval of the Mayoral test statistics built by Monte Carlo simulation has the better performance on coverage probability compared with that of the bootstrap method for Mayoral test in South Africa and Russia. Just the opposite is true to other BRICS countries. However, the results displayed in Figure 6 reveal that for the BC indicators' Mayoral test statistics, the average length of the Monte Carlo confidence intervals is longer than that produced by the Bootstrap method in Brazil, indicating worse effectiveness. The inference dependent of Bootstrap critical values is more effective in terms of higher coverage probability and shorter average length than Monte Carlo counterparts of other countries among BRICS. On the contrary, the average length of the Monte Carlo confidence intervals is shorter in South Africa, which means Monte Carlo critical values are more satisfactory inference tools. The effectiveness curves do not show the visually obvious difference in other three BRICS countries. Synthesizing the results of Figures 5, 6, and balancing the performance of the effectiveness and coverage probability, Monte Carlo critical values are appropriately able to be used in Mayoral test in South Africa and Russia. Thus, the exact bootstrap method is not recommended for identifying potential break points in the two countries. By contrast, bootstrap critical values are the preferred inference tools to Mayoral test in remaining countries. No matter what environmental indicators are tested, these conclusions from Figures 5, 6 are the same.




Breakpoint Identification of per Capita Environmental Indicator Sequences (Berkes Test)
 
Breakpoint Judgment of per Capita Environmental Indicator Sequences

In order to check the reliability of the results, this paper supplements the Mayoral (2) test by using the CUSUM statistic of Berkes et al. (1) to perform a further test so as to infer the existence of breakpoints and determine the locations of breakpoints. Table 5 shows the statistics Mn of Berkes et al. (1). Due to the good performance of small samples, we use the Bartlett kernel function and select the optimal bandwidth suggested by Newey-West (see Section Convergence Pseudo-long Memory Test of Relative Environmental Indicators Per Capita). The null hypothesis represented by Equation (10) indicates that there is no structural change in the deterministic trend of the ecological indicator sequence. Figure 7 shows how the ecological footprint statistics Mn for each country evolves over time. Due to the space limitation, the statistics Mn of the BCs per capita in BRICS countries over the sample years is not listed in the present paper. The statistics in Figure 7 and Table 5 shows that the maximum value of the Berkes statistics of the per capita EF sequences and per capita BC sequences of the BRICS countries will not be lower than critical values of themselves, which can reject the null hypothesis and there are not any break points identified. Therefore, within the sample region of 57 years, the ecological footprints per capita and BC sequences per capita are either covariance non-stationary process of mean reverting or unit root process, i.e., there is long memory.


Table 5. Pseudo long memory Berkes test of relative per capita environmental indicators in BRICS.
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[image: Figure 7]
FIGURE 7. Mn statistics for BRICS. This graph plots Berkes statistics (blue lines) evolving over time. Red solid lines represent Monte Carlo critical values at 5% significant level; while red dash lines represent bootstrap critical values at 5% significant level. When red lines are located above the maxima of M statistics, Berkes test reject null hypothesis. With respect to Berkes statistics represented by Equation (22), empirical critical values are obtained by 2,000 repetitions of Monte Carlo simulation and 2,000 repetitions Bootstrap resample respectively.




Breakpoint Statistical Test of per Capita Environmental Indicator Sequences

Figures 8, 9 show coverage and effectiveness results for EF and BC indicators respectively, with separate plots for Monte Carlo and Bootstrap critical values. These two figures show that the Monte Carlo arbitrament methods tended to provide smaller confidence intervals with better coverage accuracy than the bootstrap arbitrament methods over almost all Berkes test statistics domains (judged by the first column and the third column of Figure 8).


[image: Figure 8]
FIGURE 8. A comparison of confidence intervals of Monte Carlo and counterparts of bootstrap for the Berkes test using EF indicators.



[image: Figure 9]
FIGURE 9. A comparison of confidence intervals of Monte Carlo and counterparts of bootstrap for the Berkes test using BC indicators.


The two figures again indicate that Monte Carlo method coverage probability generally compare favorably against those of Bootstrap method based on inverting Bootstrap CIs, and in particular Monte Carlo method intervals seem to emerge with slightly better coverage rates asymptotically from their evolving dynamics as well. However, the Monte Carlo method indiscernibly performs better than does the Bootstrap methods when the Berkes test methodology is employed to the Russian EF indicator and the South African BC indicator. These plots also indicate that, comparing with the Bootstrap method, although the Monte Carlo inference method has similar coverage rates over higher confidence levels, there are obvious systematic differences in overall interval lengths. Over lower confidence levels, we can identify similar effectiveness of the two inference methods generally.

When we test potential breakpoints occurring in BC indicator sequences, in terms of interval lengths, the Monte Carlo method has uniformly narrower intervals, especially when confidence levels are small (Figure 9). Following the results provided by Figure 8, the Monte Carlo critical values has the most satisfactory “true” effectiveness for the inference of potential break points in almost all the BRICS countries, expect for South Africa and Russia when EF indicators are tested. However, the difference between the average lengths of the various methods is not very large, especially over lower confidence levels. Consequently, the Monte Carlo critical values should be retained to judge whether a long-memory process is true or just a mean-shifted process, on the double basis of the coverage and the average length criteria. With respect to the BC indicator, the confidence intervals for critical values from the Monte Carlo methods are shorter than the bootstrap method at usual confidence levels, e.g., 95%.

Our simulation results indicate that when the BC indicators are tested if they are pseudo-long memory processes, the Monte Carlo critical values have the best performance based on both coverage probability compared with the bootstrap counterparts, since the coverage plots produced by MC critical values are closer to 45° lines. However, what the second column tells is that more statistory effectiveness curves are produced by bootstrap critical values expect for India and Brazil. A summary statement can be concluded that Monte Carlo CIs generally performed better than their bootstrap counterparts. Based on the analysis above, when the EF indicators are tested pseudo-long memory, the bootstrap critical values should be resorted to in South Africa and Russia, and the Monte Carlo critical values are appropriate to other BRICS countries. Therefore, this study recommends Monte Carlo confidence interval to quantify the uncertainty of the Berkes statistics, and more robust inferences based Monte Carlo critical values.

Combined with the Mayoral and Berkes pseudo-long memory tests of the environmental indicators (EF and BC) of each BRICS country, the results provide consistent evidence that only China and Russia have breakpoints in their per capita EF (the China's per capita EF breakpoint occurred in 1990; The per capita EF breakpoint in Russia occurred in 1993). Therefore, a large number of countries follow the evolutionary trend of long memory processes. These breakpoints correspond to the late 1970s and early 1980s. During this period, the Iranian revolution and Iran-Iraq war broke out in 1978–1979. These two major oil producers, accounting for 6% of the world's oil output, experienced a decline in oil products. The real price of oil doubled between 1978 and 1981, which had a negative impact on the economies of BRICS countries where the ecological indicator breakpoints occurred. In response to the oil price shock, BRICS countries' ecological footprints fell significantly, following their economic recessions. We can also see that the two significant structural breakpoints in China correspond to the 1990s, when events, including the Gulf War and coming into force of the Kyoto Protocol at the end of 1997, affected the ecological indicators. However, the break point in the rising process of Russian per capita EF sequence is due to taking the former Soviet Union data as a proxy before 1991, which resulted in sudden shifts in per capita ecological indicators between 1992 and 1995.

Tables 2, 3 summarize the results judged by the estimated values of d. The results show the ecological indicators are long memory in all BRICS countries, and the subjects we selected are good for this study. The BRICS are grouped into three categories in term of the degree of long memory. The first group refers to the countries belonging to the ‘mean reversion’ case (i.e., South Africa and Russia in term of CFs, and China, India and South Africa in term of BCs with an order of integration significantly smaller than 1); the second group refers to those countries showing evidence of unit roots (i.e., Brazil and Russia in term of BCs with orders of integration around 1); and the third group refers to countries with divergent ecological indicators (China, India and Brazil in term of CFs with orders of integration significantly above 1).

It is not surprising that the per capita ecological footprints of the vast majority of BRICS countries reported in the empirical results are non-stationary and non-mean-reverting. This reflects that the per capita ecological footprints develop along a trend path, usually along an upward trajectory, and does not return to their means during the sample period. However, due to heavily consuming natural resources, in BRICS countries the ecological carrying capacities evolve along the downward trend. This indicates that these countries have continuously imposed more pressures on the per capita ecological footprints and ecological carrying capacities, resulting in the ecological footprints exceeding the biological carrying capacities of these countries. Therefore these countries uniformly fall into an ecological deficit state, as shown in Figure 2. Some of these countries have high per capita ecological carrying capacities, but have a higher marginal consumption propensity when they are utilizing the nature. For example, Brazil has the highest per capita ecological carrying capacity, but will still faces the dilemma of an ecological deficit due to excessive demand for natural resources.





CONCLUSIONS AND IMPLICATIONS

The importance of a composite indicator of environmental degradation (ecological footprint) is that it can go beyond exparte discussions of climate change and sustainability, because it can also track demand for services provided by a wide range of natural resources and ecosystems, rather than just focus on the atmospheric carbon accumulation. In the contemporary world, people have used 1.6 earths to produce the resources consumed and dump the wastes discharged. This trend means that it will take the earth 1 year and 6 months to regenerate natural resources used and absorb wastes per year because of human activities. If this kind of consumption pattern is as of old, the total demand for ecosystems is expected to exceed 80% of natural carrying capacities in another 10 years (39).

Environmental economics is paying more and more attention to the convergence of environmental indicators such as ecological footprints, especially the topics related to natural deterioration. There are two reasons why convergence of environmental indicators is important. (1) The need for close cooperation between countries and regions with similar productivity characteristics when formulating and implementing environmental policies. In order to mitigate the threat of global warming, policies should not be limited to the territorial scope of just one country, but should take actions at the international level. The Tokyo Protocol and the Paris Agreement are examples of the international communities' joint resistance to environmental degradation. (2) The consumption patterns, foreign trade and industrial structure of countries or regions affect the evolving trend of environmental and ecological indicators. Therefore, it is urgent to identify the factors that determine the convergence or divergence of ecological indicators. Environmental policies to protect the nature have an obligation to change the deteriorating trend of environmental indicators. Therefore, identifying the mechanisms that trace the trajectories of changes in ecological indicators is a topic of interest to both policymakers and academic researchers.

This present paper applies the sample data from 1961 to 2017 to study whether or not the stochastic convergence occurred in the ecological footprint and ecological carrying capacity series of BRICS countries. Two rigorous statistical testing methods are employed to identify whether or not the long memory processes (if exist) characterizing ecological indicators are falsely modeled (i.e., identified break points). Through various frequency-domain Whittle estimators and statistical tests, it is found that the fractional integration parameters of the vast majority of per capita EF sequences are greater than 1, indicating that these environmental indicators are non-mean reverting (divergence); The parameters of fractional integration of BC sequences are mostly within the interval 0 < d ≤ 1, which indicates that the ecological footprints are non-stationary long-memory processes. The fractional integration parameters of ecological carrying capacities are obviously smaller than those of ecological footprints, but they are still in the non-stationary and long memory domain. The significant discrepancy to the EF indicators in most countries, however, is that the BC sequences are convergent processes, namely mean-reverting. By comparisons, it is found that the convergence of ecological footprints and ecological carrying capacities is closely related to the economic development of various countries. Generally speaking, richer countries have a higher convergence rate of these two indicators being discussed; As the world's largest developing countries, the BRICS countries' ecological indicators are mostly divergent.

From the perspective of existing or potential policies that prevent ecological indicators worsening, the conclusions of this study are very informative. For most BRICS countries, the ecological footprints exhibit non-stationary behaviors, which fully demonstrates that policies that affect the ecological footprints actually have long-term and permanent effects. There are several policies that can address the growing ecological footprints. Such a series of policies includes a carbon tax designed to reduce the demand for carbon and governmental subsidies expended to guarantee the consumption of alternative clean energies. Controls on land use should also be strengthened to protect land, forests and other natural habitats. Regardless of whether or not certain environmental policies are temporary in nature, the fact that the ecological footprints are non-stationary ensures governmental policies can take long-term effects on these indicator's dynamics. China's per capita EF series have undergone structural changes during the sample period, indicating that the rising rate is faster than other BRICS countries. Implications arising from this observation a more stringent and long-term policy tool package should be adopted for energy conservation and carbon emission reduction. The per capita BC sequence in South Africa has also undergone structural changes in the process of persistent decline (judged by the Mayoral test), anticipating a faster decreasing rate. Therefore, in the pursue of economic development, Brazil should get rid of over-exploitating nature and adopt stricter environmental protection policies to prevent the further decline of its ecological carrying capacity.

Because the ecological footprints are found to be non-stationary in most BRICS countries, predicting their evolving dynamics based on past behavior may constitute a great obstacle (if not be feasible). However, their non-stationary behaviors means that policies aimed at changing it will have lasting and persistent impacts. As the vast majority of macroeconomic variables are also non-stationary, especially for level values (not differenced values), the ecological footprints may have the same fractional integration order as that of macroeconomic variables, thus indicating the existence of cointegration between these variables, in other words, long-term equilibrium relationship, which can assist in formulating relevant environmental policies.

Convergence of environmental indicators between countries is considered as a fair share of carbon dioxide emission rights. However, different countries have different natural endowments, and furthermore resources can be transferred between different countries. The stationarity of a sequence provides information about whether the effects of a shock to the sequence is temporary or permanent. A stationary sequence manifest itself that the effects of this shock are temporary. Therefore, if the impacts of shocks to the ecological footprint sequences dissipate quickly, these sequences of various countries converge to the sample means stochastically. A non-stationary sequence indicates that the effects of the shock hitting it are permanent, i.e. this sequence will deviate from the sample mean eventually. Similarly, when a ecological indicator is non-stationary, environmental policies that affect it have persistent, and even permanent effects. At the same time, the convergence of ecological indicators between countries shows that it is necessary to adopt internationally cooperative policies to protect the vulnerable environment. The lack of convergence indicates that these policies are out of permanent effects and the cross-broad policies are not very powerful.

Due to the long-memory characteristics of environmental indicators, the impacts of a positive shock (usually comes from an environmental policy) will be long-term and this policy effect will be better. For example, specific policies include energy efficiency improvement projects and subsidies for renewable energies. However, the divergence of environmental indicators is more disadvantageous. If an adverse random impact occurs, the impact will be very long-term, and a stronger policy intervention is needed to reverse the trajectory of environmental deterioration. In order to deter the worsening trend of ecological indicators, a steadfast policy stance is necessary. Therefore, we argue that: (1) A policy that is designed to be temporary or eventually revoked cannot expect to have lasting effects. (2) A policy that is either permanent or believed to be permanent will often have stronger and more persistent effects. Based on our empirical results, the degree of commitment is as important or more important than the validity or the potential effects of a policy.

In addition, some country-specific characteristics, such as the degree of economic development, industrial structure and consumption patterns, should also be taken into account. As high-income countries and developed countries formulate some better policies and more effective measures to confront the challenge of the ecological indicator worsening, low-income countries should borrow some advanced experiences of developed countries who share similar evolving trajectories of ecological indicator to achieve greater progress in curbing the deterioration of ecological indicators.
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With respect to Mayoral statistics shown by Equation (14), empirical critical values are obtained by 2,000 repefitions of Monte Cario simulation and 2,000 repetitions of bootstrap
resample respectively.the corresponding contains of following tables are the same as this table.
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