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Abstract


For less-developed, carbon-dependent regions, achieving carbon decoupling while pursuing economic catch-up presents a fundamental challenge. This study investigates this persistent dilemma through the case of Jiangxi Province, China, a typical coal-reliant inland region. Utilizing data from 2000 to 2022, we estimate carbon emissions following IPCC guidelines and employ the Generalized Divisia Index Method (GDIM) to decompose emission drivers, effectively overcoming the limitation of factor independence in conventional decomposition analyses. The results identify economic scale (cumulative contribution: 97.81%) and energy consumption (51%) as the primary drivers of emission growth, while carbon intensity of output (−47.38%) emerges as the strongest inhibiting factor. The application of the Tapio decoupling model reveals that weak decoupling is the dominant state, prevailing in 91% of the study period. This persistent pattern underscores only a partial and unstable separation between economic growth and emissions, highlighting the region’s entrenched carbon lock-in. Our findings demonstrate that transcending this weak decoupling dilemma necessitates a strategic shift beyond efficiency gains. We propose that the resolution lies in accelerating structural transitions within the energy system and fostering low-carbon industrial upgrading. This study not only elucidates the dynamics of the carbon decoupling challenge in catch-up regions but also offers actionable and context-specific pathways, providing a valuable reference for analogous regions, particularly in developing and transition economies.
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1. Introduction


The global imperative to decouple economic growth from carbon emissions presents a formidable challenge, particularly for less-developed regions striving for economic catch-up while adhering to carbon mitigation targets. As the world’s largest emitter, China’s commitment to achieving peak carbon by 2030 and neutrality by 2060 necessitates differentiated strategies across its diverse regional landscape. While affluent coastal provinces may leverage financial and technological advantages for a green transition, the pathway for less-developed inland regions remains profoundly challenging. These areas often face a “dual dilemma”: they are burdened with carbon-intensive industrial structures, frequently inherited from inter-regional industrial transfers, and constrained by limited capacity for clean energy investment and innovation. This challenge is also observed in many other developing and transition economies, including transition economies in Eastern Europe, rapidly industrializing nations in Southeast Asia, and resource-dependent countries in Latin America, face similar tensions between development and decarbonization. It is within this critical and comparative context that our study examines Jiangxi Province, a typical representative of central China’s underdeveloped regions, whose coal-dominated energy profile and ongoing industrialization make it a compelling case for investigating the dynamics and decoupling potential of carbon emissions (Tang and Li 2022 [1]; Tang and Luo [2]).



Extensive research has been conducted to identify the driving forces behind carbon emissions, with index decomposition analysis being a predominant methodology. Since its initial application in energy studies in the late 1970s (Ang and Zhang 2000) [3], methods like the Logarithmic Mean Divisia Index (LMDI) have been widely adopted due to their properties of complete decomposition and absence of residuals (Zheng and Xu 2012 [4]; Wang and Yu 2019 [5]). Numerous scholars have applied these techniques at national, regional, and industrial levels (Shao and Cui 2024 [6]; Shao et al., 2017 [7]; Wang et al., 2025 [8]; Wan et al., 2025 [9,10]). However, the conventional LMDI method suffers from a significant limitation: it relies on the assumption of factor independence, which can lead to biased results when analyzing the complex, interrelated drivers within a socio-economic system (Vaninsky 2013) [11]. To address this, the Generalized Divisia Index Method (GDIM) was developed, capable of handling correlations between factors and providing a more robust decomposition framework (Vaninsky 2014) [12]. Although GDIM has been applied in studies focusing on national aggregates or specific sectors (Yan and Yin 2017 [13]; Hao and Wang 2024 [14]), its application to the context of a single, less-developed province remains scarce. Moreover, while the Tapio decoupling model has been effectively used alongside decomposition techniques to explore the relationship between economic growth and emissions (Guo et al., 2025 [15]; Yan and Li 2023 [16]; Dong and Li 2025 [17]), most studies on less-developed areas either lack this combined analytical depth or fail to articulate the specific policy implications arising from the unique socio-economic and resource constraints of these regions, particularly from the perspective of induced technological change and carbon lock-in mechanisms.



Furthermore, recent years have witnessed a growing body of research on carbon emission decoupling across various Chinese regions, such as the Hu-Bao-O-Yu City Cluster (Zhou et al., 2024 [18]), the national scale (Ji et al., 2023) [19], and the agricultural sector in the Beijing–Tianjin–Hebei region (Liang et al., 2024) [20]. Du et al. (2022) [21] develops a novel hybrid Trigonometric Envelopment Analysis for Ideal Solutions (TEA-IS) model to assess the ecological efficiency of 248 Chinese cities for a 14-year period and employs a difference-in-difference approach to reveal the mechanism of the impact of low-carbon pilot city policies on ecological efficiency from the perspective of green technology innovation. These studies, from different dimensions, reveal the complex relationship between carbon emissions and economic growth. However, a conspicuous research gap exists. There is an urgent need for a nuanced analysis that not only employs advanced decomposition methods like GDIM to accurately unravel the emission drivers in less-developed regions but also integrates decoupling analysis to assess progress and inform tailored, feasible policy pathways. Jiangxi Province serves as an ideal subject to fill this gap. Its economic structure, reliance on coal, and status as a developing region in central China make it a microcosm of the challenges faced by many similar economies worldwide, particularly in understanding how path-dependent technological trajectories and structural rigidities hinder the transition to low-carbon systems.



Based on this, the marginal contributions of this paper are threefold:




	(1)

	
Methodologically, it pioneers the application of the GDIM framework to a single, less-developed province (Jiangxi). This approach captures the interconnected effects of driving factors (e.g., between economic scale, energy structure, and efficiency), overcoming the factor-independence limitation of LMDI and yielding more reliable insights.




	(2)

	
Empirically, it provides a comprehensive, long-term (2000–2022) analysis of emission drivers and decoupling states in a typical catch-up region. It moves beyond identifying drivers to critically examine the persistence of “weak decoupling,” highlighting the tension between growth imperatives and emission constraints within a carbon-locked system.




	(3)

	
Policy-wise, it translates findings into actionable, context-specific recommendations grounded in Jiangxi’s coal dependence and developmental stage. The proposed roadmap, emphasizing structural over merely efficiency-focused changes, offers a realistic reference for policymakers in analogous regions.









The remainder of this paper is structured as follows: Section 2 details the research methodology, including carbon emission accounting, the GDIM model, and the Tapio decoupling index. Section 3 presents the empirical results, featuring a decomposition analysis of driving factors and an assessment of the decoupling relationship. Section 4 discusses the findings, derives policy implications, and acknowledges the study’s limitations while suggesting directions for future research.




2. Research Methods and Data Sources


2.1. Research Methods


2.1.1. Measurement Methods of Carbon Emissions


According to the calculation method provided in the 2006 IPCC guidelines for na-tional greenhouse gas inventories, this paper based on Office Excel 2019 software calculates the total carbon emissions from energy consumption. The formula is as follows:


  C =   ∑  i = 1  n    E i  ×  δ i     



(1)




where C is the total carbon emission, measured in 10,000 tons; Ei refers to the consumption of the i-th energy, measured in 10,000 tons of standard coal;     δ   i     represents the carbon emission coefficient of the i-th energy, measured in tons of carbon/tons of standard coal.



In this paper, the carbon emissions of coal, crude oil, natural gas and electric power consumption in Jiangxi Province from 2000 to 2022 were calculated, respectively, and then the total energy carbon emissions were calculated. The carbon emission factors of various energy sources are shown in Table 1.




2.1.2. GDM Decomposition Model


This article, based on the basic principles of the GDIM and referring to the research of Yan Qingyou decomposes the energy carbon emissions in Jiangxi Province into the following equation:


     C = E ×   C E   = G D P ×   C  G D P    = P ×   C P           = X   3     X   4   =   X   1     X   2   =   X   5     X   6       



(2)






   X 8  =   E  G D P    = (   C  G D P    ) / (   C E   ) =  X 2  /  X 4   



(3)






   X 7  =    G D P  P   = (   C P   ) / (   C  G D P    ) =  X 6  /  X 2   



(4)







The definition of each variable (X1 to X8) used in the GDIM decomposition is provided in Table 2, which includes their meanings and units, to enhance clarity for readers unfamiliar with the notation.



The eight variables (X1 to X8) selected in this study are derived from the extended Kaya identity framework and reflect the core driving forces of carbon emissions within the socio-economic system. Gross domestic product (X1) and population (X5) represent scale effects, whereas energy consumption (X3) is directly associated with economic activity and resource utilization. Carbon intensity (X2, X4), energy intensity (X8), and per capita carbon emissions (X6) capture technological efficiency and structural characteristics. Per capita GDP (X7), as a derived indicator, reflects the level of economic affluence. This set of variables enables the GDIM model to effectively capture inter-variable interactions, particularly the endogenous relationship between economic scale (X1) and energy consumption (X3), thereby mitigating potential biases arising from the assumption of factor independence inherent in traditional LMDI methods. In energy-intensive regions such as Jiangxi, this correlation is especially significant, facilitating a more accurate identification of the structural drivers underlying carbon lock-in.



Further transform Formulas (2)–(4) into the following form:


    C =  X 3   X 4       X 3   X 4  −  X 5   X 6  = 0      X 3   X 4  −  X 1   X 2  = 0      X 3  −  X 1   X 8  = 0      X 1  −  X 5   X 7  = 0    



(5)







The function C(X) represents the driving contribution of factor X to carbon emissions. Calculate the first-order partial derivative according to Equation (5), and construct the Jacobian matrix φ(X), which represents the impact of various factors on carbon emissions:


  φ  X  =      0   0     X 4       X 3      −  X 6      −  X 5     0   0      −  X 2      −  X 1       X 4       X 3     0   0   0   0      −  X 8     0   1   0   0   0   0    −  X 1       1   0   0   0    −  X 7     0    −  X 5     0       



(6)







According to the decomposition principle of GDIM model, the contribution of the above factors is aggregated to express the overall carbon emission change of Jiangxi Province, ∆C:


  ∆ C   φ   X     =   ∫  L    ∇   C   T       I − φ   X   φ     X     +     d x  



(7)




where L is the time span,   ∇ C =     0 0     X   4       X   3     0 0 0 0     T    ; I is the identity matrix; “+” indicates the generalized inverse matrix; If the column vector of the Jacobian matrix φ(X) is linearly independent, then


  φ     X     +   =     φ     X     T   φ ( X )     − 1   φ     X     T    



(8)







Changes in carbon emissions can be decomposed into the sum of eight effects: ∆X1, ∆X3, ∆X5, ∆X2, ∆X4, ∆X6, ∆X7, ∆X8. Where ∆X1, ∆X3 and ∆X5 are absolute quantities, which, respectively, reflect the impact of economic development level, energy consumption and population size change on energy consumption and carbon emissions in Jiangxi Province; The other five effects are relative quantity factors, which, respectively, represent the impact of carbon emissions per unit of GDP, carbon emissions per unit of energy consumption, per capita carbon emissions, per capita GDP and energy consumption per unit of GDP on carbon emissions.




2.1.3. Decoupling Index Model


After an in-depth study of the carbon emission situation in Jiangxi Province from 2000 to 2022, we further explored the decoupling status of carbon emissions in Jiangxi Province. Currently, the Tapio decoupling index model has been widely applied in the field of carbon emission research. It can effectively demonstrate the relationship between economic development and carbon emissions and reveal the decoupling status between the two. The model creatively improves the accuracy and objectivity of the decoupling relationship measurement by introducing the decoupling elasticity coefficient. In addition, it also makes a more detailed classification of the decoupling status, making it easier to understand and analyze more precisely. The specific Tapio index model formula is as follows:


  t =    ∆ C / C   ∆ G / G     



(9)




where t represents the decoupling elasticity coefficient between carbon emissions from energy consumption and economic development;   ∆ C   is the difference between the current carbon emissions and the base period; C stands for carbon emissions in the base period;   ∆ G   represents the difference between current GDP and base period; G stands for base period GDP.



According to different elasticity coefficients, we can classify decoupling relationships into eight different decoupling levels, the specific content and classification of which can be found in detail in Table 3. Among these levels, strong decoupling (∆C < 0, ∆G > 0, t < 0) represents the most ideal state for achieving a low-carbon economy, meaning that while the economy continues to grow, carbon emissions are decreasing; conversely, strong negative decoupling (∆C > 0, ∆G < 0, t < 0) represents the least desirable situation. When GDP maintains a continuous growth trend (∆G/G > 0), the smaller the decoupling elasticity coefficient, the more pronounced the decoupling phenomenon. Therefore, pursuing a state of strong decoupling should be the ultimate goal for developing a low-carbon economy.



The combined application of decomposition and decoupling models has proven effective in regional carbon studies. For instance, Guan (2023) [22] employed an extended LMDI with the Tapio model in the Beijing–Tianjin–Hebei region, while Ding et al. (2023) [23] investigated the decoupling effect and driving factors in the urban agglomeration of the Middle Yangtze River. This study adopts the GDIM, which, by effectively handling factor correlations (Vaninsky, 2014) [12], offers a superior capability to capture the interconnected driving mechanisms within complex systems. This is particularly pertinent for regions like Jiangxi, characterized by a monolithic energy structure and strong developmental path dependence.





2.2. Data Source


This paper selects the data of Jiangxi Province from 2000 to 2022, such as regional GDP, total energy consumption (coal, crude oil, natural gas, electricity), and population size data from Jiangxi statistical yearbook and China energy statistical yearbook. The carbon emission accounting method and carbon emission coefficient refer to the 2006 IPCC guidelines for national greenhouse gas inventories. It should be noted that this accounting covers direct emissions from fossil fuel combustion and electricity consumption (using a grid-average emission factor), but excludes indirect emissions embedded in trade or from non-energy industrial processes. While this is standard for many regional studies, the results should be interpreted within this boundary.





3. Empirical Results and Analysis


3.1. Decomposition Analysis of Carbon Emission Change and Carbon Emission Driving Factors


Having established the methodological framework, we now present the empirical results. We first trace the trajectory of carbon emissions and economic growth in Jiangxi, setting the stage for the decomposition and decoupling analyses that follow. These analyses are designed to test our core proposition: whether and why a state of ‘weak decoupling’ and ‘carbon lock-in’ prevails in such a catch-up economy.



The persistent dominance of economic scale and energy consumption as primary drivers, coupled with the only partial inhibitory effect of carbon intensity, reflects a deeper path dependency inherent in Jiangxi’s development model. As a less-developed region, Jiangxi’s economy remains locked into a carbon-intensive trajectory, characterized by reliance on established industrial structures and energy systems—a phenomenon aligned with the theory of technological lock-in. This lock-in effect is reinforced by the ongoing industrialization and urbanization processes, which create rigid demand for energy-intensive infrastructure and delay the structural shifts necessary for strong decoupling. The findings resonate with the Environmental Kuznets Curve (EKC) hypothesis, suggesting that Jiangxi may still be positioned on the upward slope of the curve, where economic growth continues to drive environmental pressure. The absence of a turning point toward strong decoupling indicates that income-induced technological and structural changes have not yet overcome the scale effect of growth.



Based on the consumption data of the four primary energy types in Jiangxi Province from 2000 to 2022, and referring to the carbon emission factors for various types of energy listed in Table 1, we can use Formula (1) to conduct precise calculations, thereby determining the carbon emissions generated by energy consumption. These calculation results are shown in detail in Figure 1.



As shown in Figure 1, the carbon emissions from energy consumption in Jiangxi Province have shown a continuous upward trend from 16.72 million tons in 2000 to 63.73 million tons in 2022, an increase of approximately 281%, with an average annual growth rate of about 6.0%. Carbon emissions reached an all-time high in 2022. Notably, the annual growth rate of emissions exhibited a general declining trend, especially slowing down significantly from 2014 onward. At the same time, combining the analysis from Figure 2, we can observe that with the strong support of the Central Soviet Area Revitalization Development Strategy and other policies, Jiangxi’s economic growth has been quite rapid in the past few years. Specifically, Jiangxi’s GDP has grown from 200.307 billion yuan in 2000 to 320.7472 billion yuan in 2022, showing that Jiangxi is accelerating its economic development and vigorously promoting the urbanization process. However, in terms of the growth rate of carbon emissions, there has been a general trend of decline, especially from 2014 to 2022, when the growth rate of carbon emissions significantly slowed down. This trend may be associated with Jiangxi’s active response to the national environmental protection strategy since the “13th Five-Year Plan” and the proposal of the provincial environmental protection strategy of “scientific development, catch-up and surpass, green rise”. Based on the above analysis, we can conclude that energy consumption carbon emissions are largely related to the level of economic development in the region. In other words, the higher the level of economic development, the greater the energy consumption carbon emissions. At the same time, to achieve effective reduction of energy carbon emissions, it is closely linked to the implementation of supportive policies. Therefore, in-depth research on the decoupling relationship between carbon emissions and economic growth is of great significance for controlling carbon emissions and achieving sustainable development.



Concurrently, as depicted in Figure 2, Jiangxi’s GDP grew rapidly from 200.3 billion yuan in 2000 to 3207.5 billion yuan in 2022, indicating accelerated economic development and urbanization. The co-evolution of rising GDP and rising carbon emissions, albeit with a slowing emission growth rate, suggests a persistent linkage between economic scale and environmental pressure. The slowdown post-2014 may be associated with enhanced environmental policies during the “13th Five-Year Plan” period. Therefore, in-depth research on the decoupling relationship is crucial.



From Table 4, the level of economic development, namely Gross Domestic Product (GDP, X1), has the highest cumulative contribution rate (97.81%). This underscores the fundamental dilemma confronting underdeveloped inland provinces such as Jiangxi. From the perspective of catch-up development, this reflects an investment-driven growth model reliant on physical capital accumulation, generating significant scale effects and leading to carbon lock-in. Jiangxi remains in a stage of rapid industrialization and urbanization, where growth is heavily tied to infrastructure and secondary sector expansion, inevitably sustaining increases in energy use and emissions. The overwhelming dominance of economic scale, with a cumulative contribution of 97.81%, supports the hypothesis of an upward trajectory along the Environmental Kuznets Curve (EKC), indicating that Jiangxi Province remains in a development phase primarily driven by scale effects. Following closely is energy consumption (E, X3), with its cumulative contribution rate at 51%. This confirms that economic scale and energy consumption are the two primary drivers of emission growth in Jiangxi. Specifically, regarding the situation in Jiangxi Province from 2011 to 2022, we can see that the contribution rate of GDP to carbon emissions has remained positive but has shown a gradual downward trend. Similarly, the contribution rate of energy consumption has also shown a declining trend. This reflects that although Jiangxi Province has relatively abundant resources, it is relatively backward in terms of industrial level and economic development in the central region, lacking emerging industries, and therefore has a high dependence on energy. This structural dependence is further reinforced by the nature of inherited industrial transfers, which often relocate energy-intensive processes to less-developed regions, creating a structural inertia that is difficult to reverse. Despite the rapid economic growth of Jiangxi Province, the resulting carbon emissions are also quite significant. Therefore, achieving decoupling remains a significant challenge for the future.



In contrast, the cumulative contribution rates of carbon intensity of output (C/GDP, X2: −47.38%), carbon intensity of energy consumption (C/E, X4: −3.98%), and energy intensity (E/GDP, X8: −2.58%) are all negative, indicating inhibitory effects. The pronounced effect of X2 reflects the crucial role of production technology progress and the application of low-carbon technologies in curbing emissions, aligning with the theory of induced technological change focused on efficiency improvements within the existing paradigm. Among these indicators, the inhibitory effect of carbon intensity of output (C/GDP) is particularly pronounced, with its cumulative contribution rate reaching −47.38%. The significant inhibitory effect of carbon intensity (−47.38%) supports the theory of induced technological change, which posits that policy-driven pressures stimulate improvements in efficiency. However, this pattern of “incremental improvement” has not overcome the structural inertia within the energy system, indicating that, in a carbon-locked context, reliance on technological efficiency alone is insufficient to achieve strong decoupling. This data reflects that in the process of economic development, continuous progress in production technology and the widespread application of low-carbon technologies play a crucial role in curbing carbon emissions. This pattern aligns with the theory of induced technological change, where efforts tend to focus on improving efficiency within the existing technological paradigm (e.g., reducing carbon per unit of output) rather than fostering radical shifts in the energy base itself. This further indicates that technological progress is a key factor in solving the problem of carbon emissions. Therefore, for Jiangxi Province, actively supporting and promoting the development of low-carbon technologies and pursuing continuous progress in production technology is the only way to meet the challenges of carbon emissions.



The impact of population size (X5) and per capita carbon emissions (X6) is also significant, with cumulative contributions of 2.97% and 45.00%, respectively. The high contribution of X6 suggests that, alongside rapid urbanization, high-energy-consumption lifestyles may still prevail, highlighting an area for behavioral and demand-side interventions.



The persistent dominance of economic scale and energy consumption as primary drivers, coupled with the only partial inhibitory effect of carbon intensity, reflects a deeper path dependency inherent in Jiangxi’s development model—a phenomenon aligned with the theory of technological lock-in. This lock-in effect is reinforced by ongoing industrialization and urbanization. The findings resonate with the Environmental Kuznets Curve (EKC) hypothesis, suggesting that Jiangxi may still be positioned on the upward slope of the curve, where economic growth continues to drive environmental pressure. The absence of a turning point toward strong decoupling indicates that income-induced technological and structural changes have not yet overcome the scale effect of growth.



Note on Variable X7 in Results Presentation: It is important to clarify that variable X7 (GDP per capita) is not independently listed in the subsequent decomposition results table (Table 4). This is because X7 is a deterministic function of X1 (GDP) and X5 (Population) (X7 = X1/X5). Within the GDIM framework, when perfect functional relationships exist between factors, the contribution of a derived variable (X7) is fully captured and explained by its parent variables (X1 and X5). Presenting it separately could lead to misleading interpretation due to multicollinearity. Therefore, the effects related to per capita affluence are inherently embedded within the contributions of economic scale (X1) and population (X5).




3.2. Analysis of Carbon Emission Decoupling Effect


The persistent prevalence of “weak decoupling,” as opposed to a transition toward “strong decoupling,” can be interpreted through the lens of institutional and technological path dependence. While technological progress—evidenced by declining carbon intensity—has effectively moderated the rate of emissions growth, the entrenched carbon lock-in of Jiangxi’s coal-dominated energy system imposes structural constraints that hinder a full decoupling. This is further compounded by the region’s limited institutional capacity and policy tools to catalyze a fundamental energy transition. In contrast to provinces endowed with abundant hydropower resources, such as Yunnan and Sichuan, Jiangxi’s natural resource endowment limits its clean energy alternatives, reinforcing a dependency on coal. Under such conditions, incremental improvements in energy efficiency face diminishing marginal returns, making it difficult to escape the “weak decoupling” trap without systemic change. To further examine the sustainability of weak decoupling, this study analyzes the research period by segmenting it into distinct policy phases—from the 11th to the 14th Five-Year Plan. The findings indicate that during the 13th Five-Year Plan (2016–2020), the contribution of energy consumption (X3) declined relative to earlier periods, while the restraining effect of carbon intensity (X2) intensified, suggesting that energy efficiency policies began to take effect. Nevertheless, the contribution of economic scale (X1) remained persistently high, reflecting structural inertia in the prevailing growth model. This pattern—where efficiency gains fail to offset the expansion of economic scale—represents a typical manifestation of the carbon lock-in effect and elucidates why decoupling has remained in a “weak” state throughout the study period.



According to the Tapio decoupling index model and in combination with Table 3, the decoupling elasticity value t of energy consumption carbon emissions and economic development in Jiangxi Province can be calculated, and the decoupling status can be analyzed. The calculation results are shown in Table 5.



From Table 5 and Figure 3, it can be seen that the decoupling relationships include three types: weak decoupling, expansive connection, and expansive negative decoupling. Weak decoupling is overwhelmingly dominant, occurring in 20 out of 22 periods (91%). An expansive connection occurred in 2002, and an expansive negative decoupling occurred in 2003. The overall decoupling index shows a downward trend, especially from 2013 to 2021, indicating a general improvement in the decoupling effort, though the state remains “weak.” Analyzing the reasons, during the “12th Five-Year Plan” and “13th Five-Year Plan” periods, the government increased the implementation of energy conservation and emission reduction policies, and the optimization of industrial structure achieved certain results, improving resource utilization efficiency.



This persistent prevalence of “weak decoupling,” as opposed to a transition toward “strong decoupling,” underscores the significant challenges inherent in Jiangxi’s energy structure transformation and can be interpreted through the lens of institutional and technological path dependence. While technological progress—evidenced by declining carbon intensity—has effectively moderated the rate of emissions growth, the entrenched carbon lock-in of Jiangxi’s coal-dominated energy system imposes structural constraints. This lock-in manifests in: (a) Infrastructural inertia from long-lived coal-fired power and heavy industrial assets; (b) Industrial path dependency from inherited energy-intensive sectors; and (c) Limited institutional capacity for a rapid clean energy transition, compounded by natural resource constraints (lack of abundant hydropower compared to provinces like Yunnan or Sichuan). Under such conditions, incremental efficiency gains face diminishing returns, making it difficult to escape the “weak decoupling” trap without systemic change. The case of Jiangxi thus illustrates the limitations of an efficiency-focused approach within a carbon-locked system and underscores the necessity of structural transformation.



The persistent prevalence of “weak decoupling,” as opposed to a transition toward “strong decoupling,” underscores the significant challenges inherent in Jiangxi’s energy structure transformation. Within the framework of green growth theory, Jiangxi’s growth trajectory remains distinctly “brown,” characterized by a high carbon lock-in effect due to its coal-dominated energy mix and industrial structure. While technological advancements—evidenced by declining carbon intensity—have effectively moderated the rate of emissions growth, the entrenched reliance on coal continues to impose rigid constraints, preventing a complete decoupling of carbon emissions from economic expansion. Under the current technological and structural paradigm, there exists a theoretical lower bound for emissions reduction, beyond which further efficiency gains yield diminishing returns. This stands in stark contrast to provinces endowed with abundant hydropower resources, such as Yunnan and Sichuan. For regions like Jiangxi that lack natural advantages in clean energy, incremental improvements in energy efficiency are increasingly constrained by this theoretical floor. Achieving meaningful decoupling therefore hinges on a fundamental restructuring of the energy system—a transition that is inherently more complex and costly, yet imperative to transcend the current carbon-intensive growth paradigm and realize genuine green growth.



In summary, the pervasive ‘weak decoupling’ state is not merely a statistical outcome but a manifestation of the deep-seated ‘carbon lock-in’ described above. The scale-driven growth model, reinforced by infrastructural and industrial inertia, sets a high baseline for emissions, while efficiency gains (negative X2) can only partially offset it, resulting in the persistent pattern observed. This interplay between structure and efficiency frames Jiangxi’s challenge.




3.3. Comparative Perspective with Other Regions


Based on existing research, regions can be classified into three categories according to the dominant driving factors: (1) scale-driven regions (e.g., Jiangxi and Shanxi), where economic scale and energy consumption are the primary drivers; (2) efficiency improvement regions (e.g., Jiangsu and Zhejiang), in which reductions in carbon and energy intensity exert significant inhibitory effects on emissions growth; and (3) structural transformation regions (e.g., Sichuan and Yunnan), characterized by a high share of clean energy and a greater capacity to achieve strong decoupling. Jiangxi exemplifies the scale-driven type, exhibiting a weak decoupling status similar to that of coal-dependent provinces such as Shanxi, in contrast to regions endowed with abundant clean energy resources.



To contextualize Jiangxi’s findings and assess their typicality, we compare key metrics with those reported in studies of other Chinese regions (Table 6). Compared to the more developed Beijing–Tianjin–Hebei (BTH) region (Guan 2023) [22], Jiangxi shows a much higher cumulative contribution from economic scale (97.8% vs. ~60–80% in BTH studies), underscoring its earlier stage on the development curve where scale effects dominate. The frequency of weak decoupling in Jiangxi (91%) is notably higher than in the Hu-Bao-O-Yu city cluster (Zhou et al., 2024) [18] (where strong decoupling periods appear) or national averages, highlighting its persistent struggle to separate growth from emissions. However, Jiangxi’s negative contribution from carbon intensity of output (−47.4%) is comparable to or stronger than many regions, indicating significant efficiency efforts. This pattern—dominant scale effect, strong efficiency inhibition, yet persistent weak decoupling—closely mirrors challenges reported in other less-developed (Ji et al., 2023) [19], resource-dependent catch-up regions globally, such as certain Eastern European transition economies or industrializing Southeast Asian nations. Thus, Jiangxi serves as a salient case study for this common developmental dilemma.



This comparative perspective validates Jiangxi’s representativeness and underscores a critical policy insight: for regions like Jiangxi, where scale effects are extraordinarily dominant, achieving decoupling requires a dual focus. It necessitates not only continuing the effective pursuit of efficiency improvements (as reflected in the strong negative X2) but, more crucially, initiating aggressive structural interventions to alter the very composition of economic scale.





4. Conclusions and Recommendations


4.1. Conclusions


The carbon emissions in Jiangxi Province are influenced by a variety of factors, among which the positive role of economic development level is particularly significant, which is consistent with the conclusions of previous studies. This underscores the scale effects embedded in the investment-driven catch-up growth model, leading to carbon lock-in. This means that as the economy grows, carbon emissions also increase accordingly. In addition to the level of economic development, the increase in energy consumption and the rise in per capita carbon emissions are also important factors driving the growth of carbon emissions. The structural inertia from inherited industrial transfers further reinforces this carbon-intensive trajectory. However, in terms of reducing carbon emissions, the impact of carbon intensity of output is the most prominent, indicating that reducing carbon emissions per unit of output through improving production efficiency is the key way to achieve carbon reduction. This reflects a pattern of induced technological change favoring efficiency improvements over fundamental energy system transformation. In addition, the reduction of energy consumption carbon intensity and energy intensity also plays a positive role in reducing carbon emissions. These phenomena collectively indicate that technological progress is a decisive factor in solving the problem of carbon emissions. Therefore, strengthening the research on the decoupling relationship between carbon emissions and economic growth is of great significance for achieving more effective energy conservation and emission reduction.



To gain a deeper understanding of the relationship between economic development and carbon emissions in Jiangxi Province, the Tapio decoupling index model was applied for assessment. The analysis results of the model show that Jiangxi Province is currently mainly in a state of weak decoupling, indicating that although there is a certain degree of separation between economic growth and carbon emission growth, this separation is not yet complete. Critically, our analysis shows that carbon emissions had not peaked as of 2022. Therefore, the immediate policy priority for Jiangxi is to achieve an absolute peak in carbon emissions while maintaining necessary growth—a prerequisite for transitioning from weak to strong decoupling. In order to achieve stronger decoupling effects, or even reach a state of complete decoupling, Jiangxi Province continues to face several challenges while promoting sustained and healthy economic development. These include optimizing the energy structure, improving energy efficiency, and promoting low-carbon lifestyles and production methods throughout society.




4.2. Recommendations


Building on the theoretical insights from EKC and path dependence literature, policy interventions for Jiangxi must not only address immediate drivers but also aim to break the carbon lock-in that perpetuates weak decoupling. The following recommendations are proposed with an emphasis on systemic and structural change:



(1) Prioritize Energy Structure Transformation Through Regional Collaboration and Diversification.



Given Jiangxi’s limited potential for large-scale conventional renewable energy and the high contribution of energy consumption (51%) to emissions, policy must focus on structural diversification. First, it should aggressively promote distributed photovoltaic systems and biomass energy, leveraging local conditions. Second, and more critically, given the entrenched carbon lock-in from coal dependence, Jiangxi must actively seek integration into regional green electricity trading markets. This requires not only infrastructure investment but also addressing transaction costs and designing equitable benefit-sharing mechanisms, possibly supported by interregional fiscal transfers, to ensure the market’s viability and fairness. By establishing such mechanisms to import green power from resource-rich neighboring provinces, Jiangxi can bypass its natural resource constraints and achieve a tangible reduction in the carbon intensity of its energy supply, which is fundamental to transitioning from weak to strong decoupling. The initial investment and coordination costs, while substantial, are necessary to overcome systemic lock-in.



(2) Foster Low-Carbon Industrial Upgrading Aligned with Regional Comparative Advantages.



Given the overwhelming cumulative contribution of economic scale (97.81%), industrial restructuring should strategically aim to alter the composition of GDP growth rather than suppress it. This involves not solely phasing out old capacity but on strategically cultivating new industries that align with Jiangxi’s green comparative advantages, such as low-carbon ecological agriculture, eco-tourism, and segments of the digital economy that leverage its ecological and human capital. To guide resource allocation efficiently, a balanced policy mix—including carbon pricing, targeted subsidies, and green finance instruments—should be deployed. Policymakers must weigh the economic efficiency and distributional consequences of these tools to avoid undue burdens on vulnerable sectors while incentivizing green innovation and industrial transition. Capacity building for green skills is essential to support this shift.



(3) Implement Differentiated and Enforceable Policies Targeting Key Sectors.



Policy support needs to be precise and robust. This includes establishing and strictly enforcing advanced energy efficiency and carbon emission standards for new projects in key industries such as construction materials and chemicals. A synergistic approach that combines market-based mechanisms (e.g., a well-designed emissions trading scheme or carbon tax) with command-and-control measures (e.g., efficiency standards) can enhance policy effectiveness while mitigating administrative and compliance costs. Additionally, to address the significant driver of per capita carbon emissions (45% cumulative contribution), innovative economic instruments, such as a carbon inclusion system in urban areas that rewards low-carbon behaviors, can effectively incentivize residents and businesses. Public awareness campaigns and improving low-carbon infrastructure (e.g., public transport) are complementary demand-side measures.



In conclusion, the case of Jiangxi Province offers insights that may be relevant for other less-developed, coal-dependent regions facing similar developmental and decarbonization dilemmas. It demonstrates that achieving decoupling is an immense challenge when economic catch-up remains the priority and clean energy options are structurally limited. The pathway forward must be pragmatic, combining aggressive energy efficiency measures with innovative strategies to overcome inherent resource constraints, such as regional energy collaboration. The experiences and challenges documented in this study provide a valuable reference for designing feasible and just transition pathways for similar economies striving to balance development with climate responsibilities.




4.3. Limitations and Future Research


This study has certain limitations. Firstly, in the decomposition analysis using the Generalized Divisia Index Method (GDIM), the variable X7 (GDP per capita) was not presented independently in the results table (Table 4). This is primarily because the GDIM model, when dealing with perfect functional relationships between factors, may lead to the contribution of some variables being fully explained by their correlated counterparts. Specifically, X7 (GDP per capita) is a direct derivative of X1 (GDP) and X5 (Population) (X7 = X1/X5), and its driving effect is already captured and reflected by these two core variables. Consequently, the absence of X7 is not expected to substantially impact the overall interpretative power of the decomposition results, and it does not alter the core findings regarding economic scale and population size as primary drivers. Nonetheless, this approach might theoretically lead to a slight underestimation or obscuration of the independent influence mechanism of per capita wealth on carbon emissions. Future research could employ models that better handle highly collinear variables to further disentangle and verify the independent contribution of GDP per capita.
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Figure 1. Carbon Emissions and Growth Rate of Energy Consumption in Jiangxi Province from 2000 to 2022. Note: The left vertical axis represents carbon emissions (in 10,000 tons), and the right vertical axis shows the annual growth rate (in percentage). Data source: Jiangxi Statistical Yearbook and China Energy Statistical Yearbook. 
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Figure 2. Jiangxi Province GDP and Growth Rate from 2000 to 2022. Note: The left vertical axis represents GDP (in billion yuan), and the right vertical axis shows the annual growth rate (in percentage). Data source: Jiangxi Statistical Yearbook. 
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Figure 3. Trend of Decoupling Index in Jiangxi Province from 2001 to 2022. Note: The decoupling index (t) is calculated as the ratio of the growth rate of carbon emissions to that of GDP. Data source: Authors’ calculation based on Jiangxi Statistical Yearbook. 
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Table 1. Carbon Emission Coefficient of Various Energy Sources.
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	Energy Type
	Coal
	Crude Oil
	Natural Gas
	Electric Power





	carbon emission coefficient/

(t/tce)
	0.7559
	0.5860
	0.4483
	0.2720










 





Table 2. Variable Definition Table.
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	Variable
	Meaning
	Unit





	C
	Carbon Emissions from Energy Consumption
	Ten thousand tons



	X1 = GDP
	Regional Gross Domestic Product
	Hundred million yuan



	X2 = C/GDP
	Carbon Emissions Per Unit of GDP Produced

(output carbon intensity)
	Ton/ten thousand yuan



	X3 = E
	Energy Consumption
	Tons of standard coal



	X4 = C/E
	Carbon Emissions Per Unit of Energy Consumption

(carbon intensity of energy consumption)
	Tons/tons of standard coal



	X5 = P
	Permanent Population (population size)
	Ten thousand people



	X6 = C/P
	Carbon Emissions Per Capita
	Tons per person



	X7 = GDP/P
	Real GDP Per Capita
	Ten thousand yuan/person



	X8 = E/GDP
	Energy Consumption Per Unit of GDP

(energy intensity)
	Tons of standard coal/10,000 yuan










 





Table 3. Tapio Decoupling Elasticity Model.
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Decoupling Category

	
Status

	
ΔC/C

	
ΔG/G

	
t






	
Negative Decoupling

	
Weak Negative Decoupling

	
<0

	
<0

	
[0, 0.8)




	
Strong Negative Decoupling

	
>0

	
<0

	
(−∞, 0)




	
Expansion Negative Decoupling

	
>0

	
>0

	
(1.2, +∞)




	
Decoupling

	
Weak Decoupling

	
>0

	
>0

	
[0, 0.8)




	
Strong Decoupling

	
<0

	
>0

	
(−∞, 0)




	
Recession Decoupling

	
<0

	
<0

	
(1.2, +∞)




	
Connect

	
Decay Connection

	
<0

	
<0

	
[0.8, 1.2]




	
Expand Connection

	
>0

	
>0

	
[0.8, 1.2]











 





Table 4. Contribution Rates of Various Factors Affecting Carbon Emissions in Jiangxi Province from 2001 to 2022.
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	Year
	X1
	X2
	X3
	X4
	X5
	X6
	X8





	2001
	0.02863
	−0.00977
	0.01643
	0.00199
	0.00302
	0.01556
	−0.00029



	2002
	0.04229
	−0.00240
	0.03950
	0.00078
	0.00299
	0.03755
	−0.00006



	2003
	0.05105
	0.02191
	0.05935
	0.01504
	0.00265
	0.07290
	0.00007



	2004
	0.06687
	−0.03959
	0.03725
	−0.01277
	0.00230
	0.02272
	−0.00169



	2005
	0.05318
	−0.01069
	0.04200
	0.00029
	0.00221
	0.04066
	−0.00036



	2006
	0.06308
	−0.02651
	0.02923
	0.00467
	0.00220
	0.03264
	−0.00199



	2007
	0.07488
	−0.03859
	0.02794
	0.00364
	0.00229
	0.03044
	−0.00364



	2008
	0.06434
	−0.04404
	0.02137
	−0.00546
	0.00242
	0.01418
	−0.00310



	2009
	0.03319
	−0.01096
	0.02670
	−0.00454
	0.00245
	0.01975
	−0.00013



	2010
	0.07530
	−0.03485
	0.02688
	0.00899
	0.00232
	0.03475
	−0.00381



	2011
	0.07460
	−0.05155
	0.02934
	−0.01177
	0.00087
	0.01767
	−0.00355



	2012
	0.03417
	−0.02997
	0.01438
	−0.01145
	0.00012
	0.00294
	−0.00073



	2013
	0.03897
	−0.00913
	0.02056
	0.00849
	0.00001
	0.02959
	−0.00064



	2014
	0.03119
	−0.02155
	0.02055
	−0.01135
	0.00031
	0.00886
	−0.00026



	2015
	0.02359
	−0.00847
	0.01528
	−0.00039
	0.00036
	0.01467
	−0.00015



	2016
	0.03139
	−0.02197
	0.01202
	−0.00361
	0.00083
	0.00776
	−0.00067



	2017
	0.03242
	−0.02438
	0.00912
	−0.00233
	0.00117
	0.00579
	−0.00092



	2018
	0.04063
	−0.02622
	0.01156
	0.00107
	0.00015
	0.01279
	−0.00143



	2019
	0.02818
	−0.01898
	0.01352
	−0.00499
	0.00018
	0.00848
	−0.00041



	2020
	0.01491
	−0.01258
	0.00491
	−0.00285
	0.00022
	0.00188
	−0.00018



	2021
	0.05021
	−0.04051
	0.02352
	−0.01622
	−0.00011
	0.00766
	−0.00135



	2022
	0.02497
	−0.01296
	0.00849
	0.00295
	0.00079
	0.01077
	−0.00047



	Total
	0.97805
	−0.47375
	0.50992
	−0.03982
	0.02974
	0.45001
	−0.02575










 





Table 5. Decoupling Index between Energy Consumption Carbon Emissions and Economic Development in Jiangxi Province from 2001 to 2022.
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	Year
	∆C/C
	∆GDP/GDP
	t
	Decoupling Status





	2001
	0.055
	0.086
	0.641
	Weak Decoupling



	2002
	0.119
	0.126
	0.939
	Expand Connection



	2003
	0.219
	0.148
	1.478
	Expansion Negative Decoupling



	2004
	0.073
	0.208
	0.349
	Weak Decoupling



	2005
	0.125
	0.160
	0.780
	Weak Decoupling



	2006
	0.102
	0.192
	0.531
	Weak Decoupling



	2007
	0.095
	0.230
	0.415
	Weak Decoupling



	2008
	0.049
	0.200
	0.244
	Weak Decoupling



	2009
	0.065
	0.100
	0.653
	Weak Decoupling



	2010
	0.108
	0.230
	0.471
	Weak Decoupling



	2011
	0.054
	0.235
	0.229
	Weak Decoupling



	2012
	0.009
	0.106
	0.085
	Weak decoupling



	2013
	0.087
	0.117
	0.747
	Weak Decoupling



	2014
	0.027
	0.096
	0.282
	Weak Decoupling



	2015
	0.044
	0.071
	0.626
	Weak Decoupling



	2016
	0.025
	0.096
	0.266
	Weak Decoupling



	2017
	0.021
	0.099
	0.209
	Weak Decoupling



	2018
	0.038
	0.124
	0.308
	Weak Decoupling



	2019
	0.026
	0.086
	0.298
	Weak Decoupling



	2020
	0.006
	0.045
	0.138
	Weak Decoupling



	2021
	0.022
	0.157
	0.140
	Weak Decoupling



	2022
	0.034
	0.075
	0.456
	Weak Decoupling







Note: The decoupling index (t) is calculated as the ratio of the growth rate of carbon emissions to that of GDP. Data source: Authors’ calculation based on Jiangxi Statistical Yearbook.













 





Table 6. Comparative Analysis of Key Decoupling and Decomposition Metrics Across Selected Regions.
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	Region (Research)
	Period
	Main Decoupling State
	Overall Contribution: Economic Scale (X1)
	Overall Contribution: Carbon Intensity (X2)





	Jiangxi (This study)
	2001–2022
	Weak decoupling (91%)
	97.8%
	−47.4%



	Jianghuai–Baoyu Urban Agglomeration
	2005–2020
	Weak and strong decoupling period
	Approximately 85%
	Negative value (significant)



	Beijing–Tianjin–Hebei
	2000–2019
	Various types (weak, strong, expansion)
	Approximately 60–80%
	Negative value



	National average value
	2000–2019
	Mainly weak decoupling
	High (scale dominant)
	Negative value (reducing)







Note: Values for comparative regions are approximations derived from the cited literature. The ‘Economic Scale’ contribution for Hu-Bao-O-Yu and BTH regions often combines pure scale and structural effects in their respective decompositions; the values here are indicative of the relative magnitude of scale-related drivers.
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