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China’ s Sustainable Development Policies and FDI:
Short-term Dynamics, Long-term Impact, and Forecast

By Xilin Zhang', Zhirui Zhang',Yagian Liu**,Yujiao Mao3,]iaxian Chen**

Abstract:

In the context of the 2024 global economic recession, can China's sustainable development policies
attract foreign direct investment to achieve industrial upgrading and drive economic growth?This
paper examines the short-term dynamics, long-term impact, and forecast of the relationships between
industrial policy, green clean energy, carbon pricing, and FDI.

The research uses the Autoregtressive Distributed Lag (ARDL) model and the Vector Error Cortection
Model (VECM) to comprehensively study the short-run and long-run connection among the LFDI
and the secondary industry growth, green energy generation and carbon pricing. China officially
established its carbon market in 2013, with sustainable access to official data available since
then.Although the duration of our research data is relatively short, we have already applied the
cotresponding models to analyze and compensate for the data insufficiencies.By using this
methodological approach, the paper demonstrates how these variables affect LFDI across various
time horizons and assesses their contribution to the sustainable development of the economy.
Additionally, machine learning techniques are utilized to adopt a rolling forecast approach to predict
LFDI levels.

Keywords: industrial upgrading, green clean energy, low carbon, ARDL. model, V'ECM model, machine
learning

1.Introduction

In recent years, China has shifted its approach to economic development, moving
away from the traditional focus on GDP growth toward a path of green and sustainable
development. With substantial government subsidies and investments in the energy sector,
China’ s new energy generation has reached a mature scale and market. Since the
introduction of the supply-side reform in 2015, the previous model of economic
development, which relied on environmental degradation, has gradually shifted toward a
new path driven by technology and innovation. This shift has significantly impacted China

s industrial structure, with highly polluting low-end manufacturing industries being
slowly upgraded to low-pollution, higher-output sectors. Since China first proposed the
carbon market in 2011, the country has developed a complete carbon trading mechanism,
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which has worked well at the policy level to complement the later supply-side reforms.
However, in practice, while the carbon market has incentivized large enterprises to
innovate and reduce carbon emissions, it appears to have had limited impact on promoting
industrial upgrading and driving economic growth. China’ s economic development is
still largely reliant on the government s long-term industrial policies and resource
allocation, which have created a comprehensive industrial base. In 2024, China introduced
the concept of "new quality productivity," aiming to drive economic development through
industrial upgrading. However, China’ s prospects for independently achieving industrial
upgrading remain limited. Despite years of central government advocacy and policies
aimed at encouraging industrial transformation, local governments continue to rely heavily
on land transfer revenues as a major source of fiscal income—a phenomenon rooted in the
restructuring of central-local fiscal relations following the 1994 tax-sharing reform. The
1994 tax reform was implemented to address the fiscal imbalance between central and
local governments, weak central fiscal control, and a fragmented tax system. After the
reform, the central government gained a larger share of major tax revenues and greater
control over tax collection, thereby enhancing its capacity for macroeconomic regulation.
However, this shift significantly reduced the fiscal revenues available to local governments,
while their responsibilities for public services and infrastructure either remained
unchanged or even expanded. Faced with shrinking tax revenues and mounting
expenditure pressures, local governments had to seek new sources of fiscal income. Land
transfer fees became one of the few financial resources still under local control. Under this
institutional arrangement, land finance gradually took shape: local governments promoted
land development, urban expansion, and real estate construction to generate land transfer
revenues and meet fiscal needs. This transmission mechanism fostered a strong
dependence on land finance, creating a path dependency that not only entrenched local
government behavior but also weakened their intrinsic motivation to pursue industrial
upgrading and economic transformation, as these strategies could not address immediate
fiscal pressures. It is noteworthy that the acceleration of urbanization has further
reinforced this reliance on land finance. Against the backdrop of the central government

s promotion of new-type urbanization and the ongoing influx of population into cities,
the demand for urban construction land has continued to rise, increasing the share of land
transfer revenues in local fiscal budgets. By accelerating urbanization, local governments
can quickly realize land assets and secure ample fiscal resources. In this process, land
finance and urbanization reinforce each other, deepening local governments ’
dependence on land-based revenues and further diminishing their incentive and capacity
to promote industrial upgrading. Against this background, foreign direct investment (FDI)
plays a crucial role in China’ s industrial upgrading by introducing advanced technologies
and management expertise, partially alleviating the structural constraints arising from local
governments’  entrenched reliance on land finance.

The contribution of this research is based on the fact that it offers an inclusive
investigation of the short-term and long-term effects of the low-carbon green energy
industry on FDI attraction in China hence this topic is especially relevant in the present
world economy and environmental management policies. With the deepening of the
impact of global climate change on the economy and society, the construction of low-
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carbon green technologies has become a global focus. China’ s policies and actions in the

area of low-carbon green energy not only have significant impacts on the country’ s
domestic economic restructuring but also on the international system of environmental
governance and sustainable development.

Through the comprehensive examination of the effects of the growth of the low-
carbon green energy industry on the attractiveness of foreign investment, this study offers
solid evidence and detailed analysis to enable policymakers and business leaders to assess
the efficiency of these policies in reality and also can provide useful information for other
countries. Especially for those countries that hope to attract foreign direct investment
through government sustainable development policies to drive economic growth.

Finally, this study underscores the need to encourage the use of low-carbon
technologies around the world and attain carbon reduction goals. It offers the international
community a practical approach to the enhancement of environmental stewardship and
economic growth through technology and partnership which not only improves the
comprehension of the green economy’ s possibilities but also provides realistic strategies
for attaining sustainable development goals worldwide.

The main purpose of this paper is to conduct an in-depth analysis of the short-
term dynamics, long-term impacts, and forecasts of the relationship between government
sustainable development policies and the foreign direct investment (FDI), providing
strategic recommendations for countries like China to enhance their competitiveness in
the global economy through sustainable technologies. Specifically, the paper will explore
how green energy policies, carbon market policies, and the comprehensive industrial base
formed through years of sustained government investment attract FDI, and further
examine the role of these investments in driving China's industrial upgrading and
economic transformation.

The specific research questions include:

1. How do key economic indicators such as green energy generation, secondary
industry growth, and carbon pricing affect the flow of foreign direct investment in the
short term?

2. How do these factors shape China's attractiveness to foreign investment in the
long term?

3. What are the forecasts for China's attractiveness to foreign investment by 2030?

4. What lessons can be drawn from China's expetience on a global scale,
particularly for other developing countries in balancing economic sustainability and
environmental protection in policy-making?

By delving into the above questions, this paper aims to provide a comprehensive
analytical framework to evaluate and optimize China's strategic choices in the global green
economic transition and the potential impact of these strategies on the global investment
landscape. The research findings not only offer decision-making support for China's
policymakers but also provide practical guidance and strategic insights for global
sustainable development.
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2.Related Work
Research Directions in the Low-Carbon Green Economy

Hussain et al. (2023) point out that green economic policies can significantly
reduce carbon emissions and achieve sustainable development goals, thus providing a
theoretical foundation for analyzing how China’ s sustainable development policies
attract foreign direct investment (FDI). Meanwhile, Gielen et al. (2019) emphasize the
critical role of fluctuations in renewable energy usage in economic transformation.
However, existing international research remains divided on the effectiveness and
transferability of green economic policies in attracting foreign investment. Studies such as
Gonzalo H et al. (2025) and Sunghoon Chung (2014) suggest that stringent environmental
policies can help promote FDI inflows into countries. In contrast, Mehmet Akif Destek
and Ilyas Okumus (2023) point out that in newly industrialized countries with relatively
weak institutional environments, similar policies may actually inhibit foreign investment.

Against the backdrop of the global economic recession in 2024, this paper
systematically evaluates, based on the existing literature, how China leverages its policy-
driven low-carbon economic advantages to attract foreign investment that supports
industrial upgrading and economic growth. By conducting a structured comparison with
policy approaches in other countries, this study aims to clarify the effective conditions for
green policies to attract FDI and to identify the unique characteristics of the Chinese
model—namely, how the world” s largest developing country innovates in environmental
policy to maintain a steady inflow of FDI. This systematic comparison helps position the
Chinese experience within the broader international research context and assesses the
transferability and limitations of China’ s model for other economies.

Determinants of Attracting Foreign Direct Investment

Ben Jebli et al. (2019) show that factors such as geographic location, technological
advancement, and economic growth collectively influence FDI inflows, while Namahoro
et al. (2021) highlight that energy costs and environmental burdens adversely affect the
supply of renewable energy. Based on these findings, our study incorporates energy and
environmental factors into the analytical framework, aiming to reveal how these
determinants affect FDI inflows and promote industrial upgrading during periods of
global economic downturn.

The Impact of Carbon Pricing on Attracting Foreign Direct Investment

Yu, X., Kuruppuarachchi, D., & Kumarasinghe, S. (2024) argue that effective
carbon pricing policies can reduce emissions while attracting foreign investment, and
Yiiksel et al. (2020) find that higher carbon prices stimulate investment in low-carbon
technologies. With China having established its carbon market in 2013 and maintaining a
robust longitudinal dataset, our research uses this data to explore both the immediate and
lagged effects of carbon pricing on FDI, providing empirical insights for policy-making in
an era of global economic uncertainty.

The Impact of Green Energy Generation on Attracting Foreign Direct
Investment

Wall, R et al. (2019) notes that energy factors—especially renewable energy—play a
crucial role in attracting foreign investment, while Ali et al. (2022) further demonstrate the
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positive impact of green energy on sustainable development. By analyzing recent data on
green energy generation in China, this study aims to quantify the positive and negative
effects of green energy development on FDI and to assess its role in driving industrial
upgrading during periods of economic recession.

The Effect of Secondary Industry Expansion on Foreign Direct Investment

Research by Emako et al. (2022) and Cemberci et al. (2022) reveals that growth in
the secondary industry, particulatly in manufacturing, has a positive impact on attracting
FDI. Considering the current state of China’ s industrial policies and industrial upgrading,
our study employs the Secondary Industry Growth Index as a measure of industrial
advancement. We analyze both the short-term and long-term impacts of industrial growth
on FDI, with a particular focus on how industrial transformation under economic
recession pressure influences the attractiveness of foreign investment.

3. Research Methods and Data
3.1 Data

To deeply investigate the short-term dynamic relationship and long-term impact
of the low-carbon green energy industry on attracting foreign investment in China, this
study covers the following key variables: secondary industry growth index, green energy
generation, carbon pricing, and the level of foreign direct investment (FDI). These
variables respectively represent the key economic factors of the government's green enetgy
policies, carbon market policies, and industrial policies.These variables are selected based
on their crucial roles in the green economy and foreign investment flows. The specific data
sources include:

1.Level of Foreign Direct Investment: The foreign direct investment data for the
quarterly periods from 2013 to 2021 is sourced from the "China Statistical Yearbook" and
the National Bureau of Statistics of China.These data provide detailed information on
foreign investment inflows across various industries and regions in China, forming a
critical basis for analyzing FDI trends. Given the close relationship between FDI and GDP
growth, merely considering FDI might overlook the impact of GDP growth, potentially
leading to omitted variable bias. Therefore, we introduce a new concept: the level of FDI,
which is the ratio of foreign direct investment to GDP, to more comprehensively reflect
the direct impact of FDI on China's GDP.

2.Secondary Industry Growth Index: This index reflects the overall development
level and growth rate of China's secondary industry, including manufacturing and
construction. The data for this indicator is sourced from the National Bureau of Statistics
of China, covering quarterly data from 2013 to 2021, reflecting the development trends of
industrial upgrading and technological innovation.

3.Green Energy Generation: This includes the total generation of wind, solar, and
hydropower energy. The data was collected from the National Energy Administration and
the annual reports of relevant green energy companies for the quarterly periods from 2013
to 2021. These data help evaluate China's efforts and effectiveness in promoting renewable
energy.

4.Carbon Pricing: Considering the impact of carbon pricing on business operating
costs and investment decisions, this study collected the average trading price in the carbon
trading market as a representation of carbon pricing. The data is sourced from China's
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catbon emissions trading market for the quartetly periods from 2013 to 2021, including
the average carbon emission price for each trading period.

Table 1 shows the abbreviations and meanings of each variable, as well as their
measurement units and data sources. Additionally, Table 2 provides descriptive data of the
time series data for the Chinese economy. The results indicate that all variables except CP
are normally distributed, as suggested by the Jarque-Bera test results. Pairwise correlation
analysis shows positive correlations between the variables LEFDI, SIGI, GEEG, and CP.
The skewness and kurtosis characteristics of these variables are as follows:

1. The somewhat positive LEDI skewness of 0.0303 suggests a distribution that
is slightly skewed to the right, with more data points on the right side. A flatter circulation
is shown by the LFDI's kurtosis of 1.7780, which is less than the kurtosis of 3 for the
normal distribution. This implies that compared to a normal distribution, LFDI has fewer
extreme values.

2. With more data points on the left side, the circulation is somewhat left-skewed
as indicated by the SIGI's skewness of -0.4084 which is slightly negative where SIGI's
kurtosis is 3.4358 which is somewhat higher than the kurtosis of 3 for the normal
distribution and suggests a slightly leptokurtic distribution. As a result, SIGI has more
extreme variable values than a normal distribution, which is represented by heavier tails.

3. The GEEG skewness is 0.1073 which is quite near to 0 suggesting a distribution
that is almost symmetrical. A flatter distribution is shown by the GEEG's kurtosis of
2.0666, which is less than the kurtosis of 3 for the normal distribution which indicates that
GEEG is less extreme than a normal distribution.

4. Given the pronounced right-skewness and leptokurtic features of the CP
variable (with an original skewness of 2.2322 and kurtosis of 7.8847), this study applied a
logarithmic transformation to normalize the distribution. After the transformation, the
skewness of CP decreased to 0.58 and the kurtosis to 1.11, indicating a significant
improvement in both the symmetry and tail behavior of the data. This adjustment renders
the CP variable much closer to a normal distribution, thereby providing a more reliable
statistical foundation for subsequent empirical analyses.

One statistical technique used to check for normalcy is the Jarque-Bera test. The
Jarque-Bera test has a p-value of 0.3573 for LFDI, where it is greater than 0.05; 0.5547 for
SIGI, which is greater than 0.05; and 0.5322 for GEEG, which is greater than 0.05. The
LFDI, SIGI, and GEEG variable distributions are close to normal, according to these
findings. Nonetheless, the Jarque-Bera test for CP yields a p-value of 0.000, where it is less
than 0.05, signifying a substantial deviation of CP's distribution from the normal
distribution. To sum up, all the variables (LFDI, SIGI, GEEG) have kurtosis values that
are similar to those of a normal distribution, with the exception of CP, which exhibits
modest left or right skewness.

Tablel.Variables.
Variables Implication Units Sources
LFDI Level of foreign % of The  China
direct investment FDI Statistical Yearbook ,
2021
SIGI Secondary % of last The  China
industry growth index year (last year is | Statistical Yearbook,
100%) 2021
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GEEG Green energy One The  China
electricity generation hundred  million | Statistical Yearbook ,
kilowatt houtrs 2021
CP Carbon pricing Yuan / China's
ton carbon emissions

trading market, 2021

Table2.Descriptive statistics.

LFDI SIGI GEEG CP

Average 0.020 105.895 15158.0 30.917
2 5 6

Maximum 0.025 108.7 19951 74.24
3

Minimum 0.015 102.5 10614.9 19.7
3

Median 0.021 105.925 14951 29.135
1

Skewness 0.030 -0.4084 0.1073 2.2322
3

Kurtosis 1.778 3.4358 2.0666 7.8847
0

Jarque-Bera 2.058 1.1788 1.2614 60.213
2 9

P-value 0.357 0.5547 0.5322 0.0000
3

Observatio 33 33 33 33

ns
3.2 Research Methods

This study investigates the relationships between the secondary industry growth
index, green energy generation, carbon pricing, and the level of foreign direct investment
(FDI). When examining the short-term dynamic relationship and long-term impact of the
low-carbon green energy industry on attracting foreign investment in China, employing
both the Autoregressive Distributed Lag (ARDL) model and the Vector Error Correction
Model (VECM) offers multiple advantages. Firstly, the ARDL and VECM models can
offer short-run and long-run insights which enables the research to capture the dynamics
of the variables in question where the ARDL model can accommodate 1(0) and I(1) mixed
data while the VECM model is particularly suited for cointegration analysis, thus making
the combination of the two models flexible to data characteristics. Secondly, the short-
term dynamic analysis that is offered by the ARDL model can be in use to supplement the
long-term equilibrium analysis of the VECM model thus making the research findings
more robust and credible where the advantage of using both models is that the results can
be checked and compared which increases the confidence in the conclusions.

1. The ARDL model can accommodate I(0) and I(1) variables, and does not
necessatily impose all the variables to be of the similar order of integration which is very
useful when analyzing several economic variables.
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2. Long-term and short-term dynamic relations: The ARDL model can capture
long-run cointegrating relationships and offer a rich short-run dynamic adjustment path
and can also show the dynamic relationships between variables at different time horizons
by estimating the autoregressive and distributed lag parts.

3. Superior performance with small samples: In comparison with other
cointegration testing methods, the ARDL model is relatively robust to small sample
conditions which is a major advantage in empirical research where small samples are often
encountered and also the ARDL model can solve the endogenic problem, where it makes
the estimation outcomes much reliable.

In conclusion, through the use of the ARDL and VECM models, the short-term
and long-term impacts of the low-carbon green energy industry on FDI attraction in China
can be analyzed comprehensively which can provide significant references for policy-
making and practical application.

Handling Non-stationary Data: The VECM model is particulatly suitable for non-
stationary time series data and identifies the long-run equilibrium relationships among the
variables through cointegration which is important for economic time series data as these
are often non-stationary.

Cointegration and Error Correction: The VECM model can successfully identify
the variables that are cointegrated and explain the dynamics of short-term deviations from
the long-term equilibrium through an error correction mechanism which gives a detailed
mechanism analysis for understanding how variables go back to equilibrium in the long
run and how they are related.

Forecasting and Policy Analysis: The VECM model has an advantage in
forecasting and policy analysis since it can capture both the long-run relationship and
short-run changes among the variables. By using the model, one can perform scenario and
impulse response analyses to assess the long-run and short-run impacts of various policy
measures on FDI inflows. However, it should be noted that this approach does not
account for the psychological and behavioral responses of foreign investors. Future
research could integrate perspectives from behavioral economics to improve our
understanding of how foreign firms respond to changing carbon costs and green
incentives, particularly under conditions of economic uncertainty.

In this particular model specification, the ARDL and VECM models are in use to
capture the long-run and short-run effects of the secondary industry growth index, green
energy generation and carbon pricing on FDI attraction in China. It is essential to examine
for the existence of cointegration relationships, indicating a long-term equilibrium
connection among China's ability to attract foreign investment and other vatiables. To
establish the relationship between LFDI (Level of Foreign Direct Investment), SIGI
(Secondary Industry Growth Index), GEEG (Green Energy Generation), and CP (Carbon
Pricing), we propose the following equation (1):

LFDI={(SIGI, GEEG, CP)
Equation (2) defines the model as follows:
LFDIt=a0+B1SIGIt+B2GEEGt+B3CPt+et

Equation (3) below expresses several variables from equation (2) in their
natural logarithmic form.
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Lol FDIt=a0+B1LnSIGIt+B2LnGEEGt+33LnCPt+et

Where: a0 denotes the constant term; 1 to 33 are the coefficients; et
represents the error term. LnLFDI, LnSIGI, LanGEEG, and LaCP refer to the natural
logarithms of LFDI, SIGI, GEEG, and CP, respectively.

Equation (4) presents the formulation of the ARDL model:

D(LnLFDL) = Bo+ Y mD(InLFDI, ;) + BInLFDI, 1 +
L 8:D(LnSIGI, ;) + B:LnSIGI, | + ¢ | & D(LnGEEG, ;) +
B, LnGEEG, 1 + ¢ 6,D(LNCP, ;) + B,LNCP, | + ¢

Where

D stands for the first-difference operator. The error correction dynamics are
signified by vy, 8, €, and 0. The ARDL model's long-term relationships involving its
variables are shown by 81 through B4.Itis p and q that design the ideal lags.

Prior to beginning ARDL estimate, it is requited to use The ADF test
(Augmented Dickey-Fuller) and the DF-GLS test (Generalized Least Squares Dickey-
Fuller) unit root tests to confirm the order of integration of all variables (check
stationarity). Second, it's critical to use the Wald test to confirm whether or not the model's
variables exhibit long-run cointegration. Less than 10% should be the F-statistic value. The
following are the alternative hypothesis (H1) and the null hypothesis (HO):

HO. 81 =82 =83 =84 =85=06 =37 =38 = 39 = 0 (there are no long-term
relations among variables)

H1. B1 # B2 # B3 # B4 # B5 #B6 # B7 # B8 # B9 # 0 (there are long-term
relations among variables)

Thirdly, the long-term cointegration among the model's variables is found using
the Bounds test. The last step involves capturing the way of short-term causation linkages
among variables using the vector error correction model (VECM), developed to overcome
certain constraints of the VAR framework. On the other hand, the cointegration term that
gauges how quickly endogenic variables congregate to their long-run equilibrium is
mentioned as the Error Correction Term (ECT). In addition to being significant, the ECT
coefficient should be negative. It permits dynamic short-term modifications around the
equilibrium.

The VAR can be expressed in equation (5) as follows:

D(InLFDI) = Zy+ Y.F | %D(LnLFDI, ;) + Y1 | 6 D(LnSIGI, ;) +
311 &D(INGEEG, ;) + ¥{_, 6:; D(LNCP, ;) + &

Across the error correction period (ECT), the VECM identifies the short-term
changes and the long-term relationships among the variables. The ECT fundamentally
captures the extent to which variables diverge from their long-run equilibrium state. On
the other hand, the VECM shows how the econometric model's variables gradually
acclimate to their long-run equilibrium.

Equation (6), which expresses the VECM model, is as follows:
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D(ILnLFDI) = Ty + ¥ | vD(LnLFDI, ;) + Y 6;D(InSIGI, ;) +
¢ &D(LnGEEG, ;) + Y% 0,D(LNCP, ;) + ¢ECT, 1 + &

In practice, the white noise error term is denoted by ¢, and the factors are y, y, 3,
o, and ¢. Error correcting terminology is ECT.

4.Estimation and Discussion

Thus, the following procedures or tests are used in our empirical work: ARDL
estimation, Wald, Bounds, Autocorrelation, and ADF and DF-GLS testing.

4.1 Tests of unit root

To determine the order in which variables integrate (stationarity), the ADF tests
are employed. Table 3's results demonstrate that while certain vatiables are not stationary
at the level (10), all of the variables are inactive in the first difference (I1), indicating that
all of the variables are integrated in the first difference.

Table3. Stationarity tests.

Tests ADF DF -
test GLS test
Order of Order of
integration integration
Variables (10) 11) (10) 11)
LEFDI -1 7Rk -5.19% -12.87% -
5.19%
SIGI -1.53 -5.57* -1, 740k -
5.49*
GEEG 0.46 -3.04% 1,84k -
2.18%*
CP -3.06 220k -1.39 -
1,97

*, % and *** denote the significance at the 1%, 5%, and 10% criteria, respectively.

4.2 Test of wald

Do the Wald test to ensure that the variables have long-term cointegration. The
F-statistic result (3.813) is substantial at 1%, 5%, and 10%, this points to long-run
cointegration between LFDI and the explanatory variables, with results detailed in Table

4.

Table4.Wald test.
Test Statistic Value df Probability
F-statistic 4.542 (1,28)
Chi-square 4.542 1 0.042

*, #F and *** denote the significance at the 1%, 5%, and 10% criteria, respectively.

4.3Bounds test
To assess the existence of long-term associations among the variables, the Bounds
test is employed. Its F-statistic (13.0976) is significant at the 1%, 5%, and 10% thresholds,
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suggesting the existence of long-term connections among the variables. The results are
shown in Table 5.
Table 5.Bounds test.

F-statistic Optimal lag length F-statistic

FLFDI(SIGL,GEEG,CP) 2,1,1) 13.0976

Significance level Critical Value 1(1)
bounds 1(0)

10% 2.72 3.77

5% 323 4.35

1% 4.29 5.61

*,#*and *** denote the implication at the 1%, 5%, and 10% criteria, respectively.

4.4 Autocorrelation Test

The model was examined for serial correlation using the Breusch-Godfrey LM
test, with the outcomes detailed accordingly shown in Table 6:

Table 6.Breusch-Godfrey serial correlation LM test results.

Breusch-Godfrey Serial Correlation LM Test

Null Hypothesis: No Serial Correlation Up to 4 Lags

F-statistic | 0.525 | Prob. F (4,14) | 0.719
The test examines whether serial correlation is absent in the model; the resulting
chi-square p-value of 0.456 is above the 0.05 significance level, as per the findings of the
serial correlation test. This implies that the null hypothesis can be acknowledged, and it
could be said that there is no serial connection among the model's residuals.

4.5Long run ARDL estimation

According to Table 7, the ARDL model shows that all three independent variables
positively impact the level of foreign direct investment. The outcomes show that an
increase of one unit in SIGI has a significant impact on LEDI by 0.9832%. Economically,
during the eatly stages of China's reform and opening up, foreign trade was a crucial driver
of economic growth. In the eatly 21st century, China had abundant demographic dividends
and attracted global capital to set up factories with its low labor costs. China then earned
foreign exchange by exporting processed industrial products. The foreign trade-driven
economic boost started to decline gradually from 2023. However, due to the long-term
foreign trade-oriented economy, China maintained a position in the international trade
system as a low-end manufacturer, becoming the world's factory with a complete industrial
chain and a comprehensive supply chain. As China's degree of reform and opening up
continues to expand, it has also continuously increased policy incentives to encourage
foreign investment to set up factories in China. Consequently, as China's industrial level
and policies improve, its attractiveness to foreign investment continues to rise. This creates
a virtuous upward spiral, where both factors reinforce each other. The government
continues to expand the level of reform and opening up, hoping to attract foreign
investment by further improving China's industrial level and hosting mid-to-high-end
manufacturing industries from Europe, thus further promoting China's industrial
upgrading. We further observe that GEEG also has a significant positive impact on LFDI.
For each unit increase in GEEG, the significant impact on LFDI is 0.2591%. As China's
policies for green and sustainable development are continuously implemented, the
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government has provided tax incentives, subsidies, and other measures to directly promote
large-scale investment in wind, hydro, and other green energy sectors. With continuous
investment in green energy infrastructure and technology research and development,
China has established an almost complete green energy system. This comprehensive
energy system cant meet only domestic energy requirements but also offer stable and
sustainable energy supplies to foreign investors. This positions China as a leader in the
green energy sector, showcasing its market potential to global investors, who are thus
willing to make long-term investments in China. Additionally, China's Belt and Road
Initiative has further encouraged cooperation in the green energy sector with countries
along the route, expanding investment opportunities and market size. From Table 7, we
also find that CP has a significant positive impact on LFDI. For each unit increase in CP,
the significant impact on LFDI is 0.1633%. Since the Chinese government began piloting
the carbon market in 2011, the market has become more mature and the system more
robust. Observing the carbon market prices, it is evident that carbon prices are rising. This
increase reflects China's emphasis on environmental protection and sustainable
development. High carbon prices incentivize domestic companies to accelerate green
transformation and technological upgrades, eliminating overcapacity and highly polluting
low-end manufacturing, thus enhancing competitiveness. This positive policy signal
attracts foreign investors who value environmental protection and sustainable
development. By investing, foreign companies can participate in and support local
companies' green transformation, gaining opportunities in environmental technology and
innovation. However, the degree to which rising carbon prices attract foreign investment
is lower than that of green energy projects. Green energy projects, such as wind and solar
power, offer direct economic returns and market potential, providing long-term stable
returns for investors. In contrast, carbon pricing can only indirectly affect production
costs, leading to indirect economic returns for low-pollution mid-to-high-end
manufacturing. Additionally, the carbon market's maturity and stability requite more time,
and changes in market mechanisms and policy adjustments can bring some uncertainties,
making foreign companies more cautious in their investment decisions. Foreign companies
prefer to invest in mature and stable markets, where policies and markets in the green
energy sector are relatively more stable and transparent.

Table 7.Results of long run ARDL estimations.

Independ Coefficie Std. t- Probabili
ent variables nts Error Statistic ties
SIGI 0.9832 0.061 8.7 0.000*
25
GEEG 0.2591 0.023 9.8 0.027**
41
CP 0.1633 0.014 2.0 0.039%*
21
Stability CUSUM Stable
tests test
CUSUM Stable
SQ test

*, ¥F and *** denote the significance at the 1%, 5%, and 10% criteria, respectively.
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4.6 Final Model Interpretation

The null hypothesis states that the model's variables are unable to predict or affect
the availability of renewable energy in the near future. The variable explains the short-term
influence on renewable energy supply if the p-value is less than 0.05, rejecting the null
hypothesis. It is acknowledged that the explanatory variable cannot, in the short term,
explain or affect the supply of renewable energy, but, if the p-value is more than 0.05.Table
8 indicates that the variable D(LNLFDI(-1)) has a probability larger than 0.05, indicating
that the null hypothesis is not rejected for this variable. The lagged one-period level of
foreign direct investment (LFDI) does not have a significant impact on the current period
LFDI, showing that short-term changes in LFDI do not have an important self-sustaining
impact. However, in the long term, LFDI does exhibit self-sustainability. When using a
longer historical period to predict the future, we can observe that it has a self-sustaining
effect. The Probability of the variable D(LNSIGI) is better than 0.05, so the null
hypothesis is not rejected for this variable, indicating that the current petriod secondary
industry growth index (SIGI) does not have a significant effect on LFDI. However,
observing D(LNSIGI(-1)) and D(LNSIGI(-2)), we find that the Probability for both the
lagged one-period and two-period SIGI is less than 0.05, so the null hypothesis is rejected
for these variables. This indicates that the lagged one-period and two-period SIGI have a
significant effect on LFDI, suggesting that the growth of the subordinate industry has a
delayed effect on attracting foreign direct investment, possibly because investors need time
to observe and respond to economic growth trends. Furthermore, we observe that the
lagged one-period and two-period growth of the subordinate industry has a substantial
positive impact on LFDI, indicating that foreign investment responds to industrial growth
with a lag. Foreign investors usually need time to observe and assess the sustainability of
industrial growth before making investment decisions.The Probability of the variables
DINGEEG) and DLNGEEG(-1)) is less than 0.05, so the null hypothesis is rejected
for these variables, showing that both the current period and the lagged one-period green
energy generation (GEEG) have a significant impact on LFDI. However, upon closer
examination, we find that the coefficient for the current period GEEG is -1.808288, while
the coefficient for the lagged one-period GEEG is 1.958652. This indicates that current
period GEEG has a substantial negative effect on LFDI, whereas the lagged one-period
GEEG has a substantial positive effect on LFDI. This may reflect the high initial costs
and market adjustments associated with green energy investments, but as the market
stabilizes and policy support increases, the long-term investment potential in the green
energy sector is recognized by foreign investors, resulting in a positive effect on attracting
FDI.The Probability of the variables D(LNCP) and D(LNCP(-1)) is less than 0.05, so the
null hypothesis is rejected for these variables, showing that both the current period and
the lagged one-period carbon pricing (CP) have a significant impact on LFDI. Further
examination reveals that the coefficient for the current period CP is -0.180849, while the
coefficient for the lagged one-period CP is 0.180495. This indicates that upsurging carbon
prices have a adverse impact on FDI in the current period, suggesting that increased
operational costs may suppress FDI. However, the positive impact in the lagged period
shows that foreign companies continue to invest, expecting long-term returns after
adapting to the new cost structure. The gradual maturity of the carbon pricing mechanism
also boosts foreign investors' confidence. The Probability of the error cotrection term is
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0.0000%, far below 0.05, indicating rejection of the null hypothesis, and the error correction
term is highly significant. Further observation reveals that the coefficient of the error
correction term is -1.126310, showing that the error correction term has a substantial
negative impact on LFDI. This shows that the system has a strong equilibrium adjustment
mechanism in the long term. Short-term deviations will be quickly adjusted back to the
long-term equilibrium state. The Adjusted R-squared is 0.8278, showing that the
explanatory variables in the model demonstrates 82.78% of the variation in the level of
foreign direct investment.
Table 8.Outputs of final model.

Variable Coefficient Std. Error Probability
D(LNLFDI(- 0.054857 0.103287 0.6018
1)
D(LNSIGI) -0.620503 0.395576 0.1342
D(LNSIGI(-1)) 1.048787 0.314714 0.0011*
D(LNSIGI(-2)) 0.510605 0.135789 0.0017*
D(INGEEG) -1.808288 0.738483 0.0248**
D(INGEEG(- 1.958652 0.643267 0.003*
1)
D(LNCP) -0.180849 0.052544 0.0007*
D(INCP(-1)) 0.180495 0.052544 0.0009*
CointEq (-1) * -1.126310 0.208297 0.0000*
R-squared 0.8852
Adjusted  R- 0.8278
squared

*, #F and *** denote the implication at the 1%, 5%, and 10% criteria, respectively.

5.Model Prediction

In the prediction section, we employ machine learning methods to perform rolling
forecasts on the dependent variable. Since the dependent variable already contains
information from all independent variables, including linear and non-linear patts, rolling
forecasts of the dependent variable will yield the outcome of following this path and
whether it will, in turn, promote low-carbon green economic development.

5.1 Model Theory
5.1.1 RNN Model

The Recurrent Neural Network (RNN) is typically employed for chronological
data analysis instead of a standard Neural Network (NN) due to its unique memory
function, which reflects the sequential nature of data, including time series and text . The
RNN processes input sequences and captures inter-sequence relationships through its
network architecture, often outputting sequences as well. It utilizes a hidden state vector
to detect long-term correlations among samples, as illustrated in Formula (1).

h(®) = 6(Whxx(t) + Whnh(t — 1) + bp) )

Each node can learn an offset thanks to the bias vector, and the hidden layer and
feature have a recurrent weight matrix that connects to itself over adjacent time steps. With
a layer every time step and shared weights throughout, Figure 1 illustrates the network's
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deep design, which makes it possible to use the Backpropagation Through Time (BPTT)
algorithm for training over a large number of time steps.
Recurrent Neural Networks (RNNs)

state

®
-

@
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- Word - ]
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Fig. 1. The structure of the RNN

5.1.2 LSTM Model

An internal gating mechanism is added to the Recurrent Neural Network (RNN)
in the Long Short-Term Memory (LSTM) model to address the issue of long-term
dependency where the LSTM is a well-liked time series forecasting model because of this
process, which also improves the long-term memory capacity of RNNs and solves the
gradient vanishing problem . Fig. 2 depicts the fundamental layout of the LSTM unit with
the forgetting gate, input gate, cell state, and output gate represented, respectively and are
the bias vector and weight coefficient matrix that relate to them and are the activation
functions for hyperbolic and sigmoid tangents, respectively. First, a new input is created
by combining the higher output and the external input. Passes through the forgetting gate,
which keeps only pertinent data. The screening procedure is indicated in Formula (2)

fo= ¢ (We- [he-1,%¢] + by
t o ( ) (2)

Concurrently, X; enters the input gate where it defines the in formation kept in
the unit nature to get the output i¢. The updating procedure is shown in Formula (3)

it = ¢ (Wi - [he—4,%x¢] + by) ©)

/ . . . ~ . .
Xy Is stimulated by the tanh function to get output G, and the stimulation
procedure is indicated in Formula (4)

. the-
¢, = tanh(We " [MeTXe] + be)
)
Through the combined action of the first three outputs, the state of the memory
cell ¢¢_; in the preceding stage is restructured to state C, and the restructuring procedure
is indicated in Formula (5)

Ce=fice-1+1-C

®)

© 2025 The Authors. Journal Compilation © 2025 European Center of Sustainable Development.



884 European Jonrnal of Sustainable Development (2025), 14, 4, 869-890

4 . .
X¢ enters the output gate where it shows the nature of the output unit. Calculated
by Formula (6), the output 0y is obtained

0y = W, - [he-1, %]+ Db
t o ( o [ t71 t] 0) (6)
The final output of the LSTM unit, indicated as ot, is the otcome of the output
statistics following activation through the tanh function and the new state. The method is
displayed in Formula (7).

¥t = h¢ = 0¢ - tanh(¢t)

()

h.g 1

.

Fig. 2. The basic structure of the ISTM unit.

5.1.3 GRU Model

To address the gradient vanishing and gradient explosion issues inherent in
RNNs, Kyunghyun (2014) proposed the GRU model, which contains fewer gates
compared to LSTM.[31] The major structure of the GRU unit is indicated in Fig. 3. The
GRU model uses reset and update gates to process data. It replaces the cell state in LSTM
with Formula (8). In the Formula (8), 1 — z; means how many it will least from the
previous layer, Z¢ means the remaining portion in this layer. So the cell state can be

explained by allocating different proportion to the previous layer and the current layer,
which is the most different part between LSTM and GRU.

hy = (1 —2) O he—1 + 2z, O B, ®)

Where, hy is the concealed state of current step, Z is the output of update gate

, © denotes element-wise multiplication, hy is the candidate concealed state of current

step. The apprise gate Uy and reset gate Iy function likewise to the forgetting and input
gateways of the LSTM, as shown in Formula (9) and Formula (10):

U, = G(WU “[he-1,xe] + bU) 9
re= g (W [he-1,%¢] +bry (10)

The candidate hidden state hy is obtained after ry is calculated:
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Ht = tanh (W ' [rt O ht‘l:XtD (1 1)

hl-l

|Sig.'710id” ngm()fd‘ I tanh I
Iy 7'y 7'}

Xy
Fig. 3. The basic structure of the GRU unit

5.1.4 ARIMA Model

Known by many as the Box-Jenkins approach, the ARIMA model is applied to
construct a time series model using univariate time series observations.|32] Moving average
(MA), integrated (I), and autoregressive (AR) are the three terms that make up the model.
Whereas the MA term indicates the autocorrelation pattern of residuals (errors), the AR
term expresses autocorrelation among past and current observations. Integration is
necessary because the majority of univariate time series data show an increasing and
decreasing tendency, where it is non-stationary. The differentiation level of observations
is used to represent the integrated (I) portion, which converts a non-stationary series into
a stationary one.[33] Generally, an ARIMA model, expressed by Formula (12), uses three
hyperparameters (p, d, q) that can be confirmed in the ADF test and PADF test, where p
denotes the AR model, d represents the differencing level, and q indicates the MA model.
We finally use (8, 1, 0) by the ADF test and PADF test. If the series is stationary, the
amalgamation of AR and MA models (ARMA) is useful:

Xe = ¢+ o Xi—1 + @ Xi—p + -+ apXi—p + &+ B1&—1 + - + BgEi—q (12)

Where, a1Xi_1 + a X5 + -+ apXi_p denotes the AR term, B4 ¢ (1 +

-+ B € t—q denotes the MA term, ¢ ¢ is the error term.

5.1.5 Random Forest Model

The foundation of Random Forests is decision trees. A decision tree is a tree-like
model that recursively divides input features into leaf nodes, each corresponding to a
category or value. When constructing decision trees, criteria such as information gain and
the Gini index are usually used for feature selection and node partitioning. One of the core
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ideas of Random Forests is random feature selection. When constructing each decision
tree, a subset of features is randomly selected for partitioning, which helps increase the
diversity of the model. Random Forest adopts the idea of Bagging (Bootstrap
Aggregation). By constructing multiple models, each trained on different subsets, and
integrating their prediction results, the generalization ability of the models is improved.

5.1.6 SVR Model

Compared with OLS regression, the Support Vector Regression (SVR) model
uses the kernel function to maximize the utilization of high-dimensional data. The SVR
model creates a hyperplane in high-dimensional space with the broadest margin to match
data, and the data concepts that are closest to the hyperplane are turned into support
vectors. These support vectors aid in the model's construction by influencing the
hyperplane's orientation and position. Finding a model that can precisely match the
training set samples is the aim of regression. In order to identify the model, the widely
used method entails creating a loss function between sample labels and model predictions
and reducing the loss function.

5.2 Evaluation criteria

The forecasting impact of the underlying models is assessed using the following
seven criteria: Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean
Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE).

MSE = 31y (5 = 7))’ (12)
RMSE = |~%1, (9; = y)> (13)
MAE =51, |9~ ¥il (14
MAPE = =237, 'y‘yi' (15)

5.3 Forecasting and models comparison

As the evaluation criteria this paper talked in the last section, we use MSE, RMSE,
MAE, MAPE to evaluate the performance of different data showed in the Table 9. Among
all of the models, ARIMA model shows the best performance because ARIMA can
sufficiently figure out the sequential feature of data. And the hybrid model
ARIMA+LSTM also perform better compare with other models. Then the models
forecast green economy from 2021Q2 to 2031Q1 showed in the Fig. 4. The paper deletes
the RNN model because of the abnormal forecasting performance. Fig. 5 shows the
forecasting performances for the simulated data without RNN model

Table 9. Forecasting evaluation criteria of each model for simulated data.

Criteria MSE RMSE MAE MAPE
ARIMA+ 2.07E- 0.0014 0.0011 7.8199
LSTM 06 37325 85381 83378
2.1542 0.0001 9.2943 0.5591
ARIMA 2E-08 46773 2E-05 76489
RNN 0.0198 0.1408 0.1376 838.34
44887 71882 77945 04212
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0.0007 0.0265 0.0259 158.33
LSTM 05652 64118 92611 47054
. 0.0136 0.1167 0.1165 714.66
GRU 22818 1683 38628 96276
RE 1.1275 0.0010 0.0008 5.5219
7E-06 61873 7225 09692
SVR 6.6275 0.0025 0.0024 15.061
8E-06 74409 11285 21059
Trend Over Time for Different Models
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Fig. 4. Forecasting performance for the simulated data.
Fig. 5. Forecasting performance for the simulated data withont RNN.

6.Conclusion

This study systematically investigates the short-term dynamic effects and long-
term impacts of various renewable energy factors on attracting foreign direct investment
(FDI). Based on the empirical results of the ARDL and VECM models, the growth of the
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secondary industry, green energy generation, and carbon pricing are all found to exert
significant positive effects on FDI inflows. Further predictions using machine learning
models indicate that China’ s FDI levels are expected to maintain a steady upward
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trajectory through 2030, underscoring the effectiveness of a renewable energy-driven path
to secondary industry development in attracting foreign investment.

Nevertheless, it is essential to recognize that global investment flows are subject
to considerable uncertainty due to a multitude of external factors. Geopolitical risks,
evolving patterns of international trade, and intensified competition in green technologies
may all exert substantial influence on both the scale and direction of FDI. Against this

backdrop, while this study affirms the positive effects of China’ s low-carbon industrial
model, policy-making should proactively account for potential fluctuations in the external
environment by building a more resilient and adaptive policy framework. Only by
continuously enhancing risk management and policy preparedness can China’ s low-
carbon industries maintain their advantage in attracting FDI amid future global
uncertainties and competition.

Using China, a developing country, as an example, it is evident that if a nation
needs to attract foreign investment, upgrade its industry, or promote economic
development, following a green and sustainable development path is viable. After losing
its demographic dividend, China can further expand its reform and opening up based on
renewable energy to attract foreign investment into the country. This demonstrates the
urgent global need for low-pollution and inexpensive renewable energy and shows that the
vigorous development of renewable energy can drive sustainable economic growth in a
country or region. This also further indicates the future direction of global energy
development. This study encountered data limitations. The available research data for this
paper is from 2013-2021. Due to the insufficient time series data, we used Eviews 10.0
software to alter the yearly data into quarterly data to expand the sample size.

Based on this study, we find that in the long term, the secondary industry progress
index has a important positive effect on the level of foreign direct investment. In the short
term, the lagged one-period and two-period secondary industry growth index also has a
important positive impact on the level of foreign direct investment. This shows that the
secondary industry growth index has a substantial positive impact on foreign direct
investment, suggesting that China should encourage the growth of the minor industry.
China should continue to carry out supply-side reforms, gradually eliminate high-pollution,
high-energy-consumption, and low-capacity low-end manufacturing, and promote
technological revolution and R&D to achieve industrial upgrading, thereby further
attracting foreign investment. Observing the green energy generation, we find that in the
long term, green energy generation has an important positive impact on the foreign direct
investment. In the short term, the cutrent petriod's green energy economic growth
(GEEG) has a substantial negative impact on LFDI, while the lagged one-period green
energy economic development has a substantial positive impact on LFDI. This shows that
China should encourage the growth of renewable energy. Although the developing effects
of renewable energy may not be immediately visible, in the long term, promoting
renewable energy development will further attract foreign investment. Therefore, the
government should further promote green and sustainable development policies and
increase investment in green energy. This includes increasing investment in wind, solar,
and hydro energy projects, promoting energy structure transformation, and strengthening
technology R&D and innovation. Supporting the growth and application of green energy
technology will improve the efficiency and economic benefits of green energy. Observing
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carbon pricing, we find that in the long term, carbon pricing has an important positive
impact on the level of investment from foreign directly. In the short term, increasing
carbon prices have a negative impact on LFDI in the current period, but the lagged one-
period carbon prices have a positive effect on LFDI. This indicates that China should
further improve the operation and development of the carbon market. By ensuring that
the carbon market reasonably prices carbon, carbon prices can reflect the cost of emissions
without placing an excessive burden on business operations. Additionally, policies should
provide support, technical assistance, and financial aid to enterprises significantly affected
by carbon prices, helping them achieve green transformation and adapt to the new cost
structure.
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