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Abstract

:

Since the 21st century, the electric vehicle (EV) industry has become a key driver of global transformation, with increasing emphasis on the study and evaluation of industrial policies across nations. However, traditional frameworks struggle to capture the dynamic interactions between policies at different government levels or effectively analyze large volumes of policy texts. This study adopted a central–local policy interaction perspective, employing the BERT deep semantic learning model and a threshold regression model to investigate the impact of policy differences on industrial development. The findings reveal an inverted U-shaped relationship between central–local policy thematic similarity and EV market penetration, with the optimal similarity shifting as policy volume increases. This suggests the necessity of dynamically allocating central and local policies to balance national consistency with regional flexibility and promote synergy among regions. Recommendations include optimizing multi-level coordination, maintaining a balance between uniformity and specialization, strengthening policy error tolerance mechanisms, and fostering innovation. By integrating text analysis with econometric modeling, this study offers a novel framework aligned with China’s political system, providing insights into central–local policy interactions and serving as a reference for other countries seeking to refine their industrial strategies.
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1. Introduction


The electric vehicle (EV) industry has emerged as a critical focus globally, as nations strive to reduce carbon emissions and advance sustainable development. Since China identified EVs as a strategic emerging industry in 2009, it has rapidly ascended to become the world’s largest EV market, accounting for over 60% of global production and sales by 2023 [1]. While this national-level success is remarkable, significant regional disparities in EV adoption persist, which cannot be readily explained by traditional factors such as economic strength or infrastructure development [2]. Paradoxically, economically less developed regions such as Guangxi and Hainan exhibit higher EV market penetration than more affluent regions like Guangzhou and Zhejiang, despite sharing similar geographic conditions and climates. Conventionally, wealthier regions with robust industrial foundations and advanced infrastructure would be expected to lead in EV adoption [3]. This counterintuitive pattern raises a critical question: why are economically disadvantaged regions outperforming their wealthier counterparts in EV adoption, despite having fewer resources and industrial capacity?



These unexpected regional disparities suggest that factors beyond economic and infrastructural conditions may be influencing EV adoption. A pivotal factor is the divergence between the central government’s strategic planning and the policy design implemented by local governments [4]. While the central government establishes broad national goals—such as promoting green technologies and accelerating EV adoption—local governments are granted considerable autonomy in interpreting and adapting these directives to fit regional contexts. This special policy framework allows local governments to tailor national policies to regional needs, but it also introduces substantial variations in policy emphasis and execution, creating gaps between central objectives and local implementation [5].



Such discrepancies provide critical insights into the unbalanced development of the EV industry across regions. Central and local governments often adopt differing policy priorities, with central policies emphasizing national objectives such as market expansion and technological leadership, while local governments focus on region-specific goals like infrastructure development, consumer subsidies, or support for local industries [6]. These differences in policy design and implementation can significantly influence regional industrial development. This study systematically examines the impact of central–local policy misalignments on the development trajectory of the EV industry, with particular attention to their effects on regional industrial development. Furthermore, it seeks to identify the optimal degree of policy divergence that, while ensuring alignment with national strategic objectives, enables regional flexibility and innovation to maximize the sustainable development of the industry [7].



This research addresses these gaps by examining the impact of central–local policy divergence on the development of the EV industry. While existing research primarily focuses on technical, market, and economic drivers of EV adoption, it has largely overlooked the influence of policy variation across different administrative levels. Utilizing the BERT (Bidirectional Encoder Representations from Transformers), a deep learning-based semantic analysis model (details are provided in Section 4), this study quantitatively assessed the thematic similarities between central and local EV policies [8]. These quantifications were then incorporated into a threshold effect model (a statistical analysis method that divides regression intervals based on specific threshold values), which will be detailed in Section 5, to explore the nonlinear relationship between policy alignment and EV market penetration, determining whether an optimal degree of policy coherence exists that maximizes industrial growth while accommodating regional flexibility.



This research makes several key contributions to the existing literature. Theoretically, it extends the dual principal–agent theory by integrating it with policy research, offering a new framework to analyze the interactions between central and local governments in industrial policy implementation. Methodologically, it combines advanced natural language processing techniques, leveraging BERT-based semantic analysis, with econometric models like the threshold effect model, providing a more rigorous and quantitative evaluation of policy differences. Practically, this study delivers recommendations for balancing national consistency and regional flexibility in policy design, supporting the sustainable development of China’s EV industry while offering insights for similar industries globally.



The structure of this paper is as follows: Section 2 provides a literature review, analyzing the current research on electric vehicle industry policies and identifying gaps in the literature. Section 3 introduces the theoretical framework and research methodology, with a focus on applying the “dual principal–agent” theory to the electric vehicle industry. Section 4 details the measurement of policy thematic similarity using the BERT model, including data selection and text preprocessing procedures. Section 5 constructs a threshold effect model with policy quantity as the threshold variable, systematically exploring the impact of policy differences on electric vehicle market penetration. Section 6 discusses the contributions and limitations of the study. Finally, Section 7 presents the conclusion and policy recommendations, summarizing the findings and offering relevant policy suggestions.




2. Literature Review


2.1. Current Research on the New Energy Vehicle Industry


In recent years, the electric vehicle industry has received extensive attention from academia as an essential driving force for global economic transformation and sustainable development. A comprehensive review of the existing literature reveals that scholars have primarily discussed the development of the electric vehicle industry from three perspectives: influencing factors, policy effects, and industry development. In terms of influencing factors, Wang [9] and Li et al. [10] analyzed the considerations in the adoption of electric vehicles from the perspectives of consumers and enterprises, respectively, and found that environmental awareness, economic advantages, and technological progress are the main driving forces. Another group of scholars approached the issue from a macro perspective, examining the mechanism of public policies on industrial development. For example, Chen [11] and Lin [12] emphasized the importance of economic incentives and infrastructure construction for the promotion of electric vehicles. Sun et al. [13] demonstrated the interplay between environmental regulations and technological innovation. Focusing on the current state of industrial development in China, Hu et al. [14] assessed the potential impact of subsidy phase-out on the industry and pointed out the development direction of China’s electric vehicle industry in the post-subsidy era. Xie et al. [15] analyzed the impact of changes in consumer preferences on the marketization process of electric vehicles under the dual-credit policy. Additionally, a small number of scholars have devoted their efforts to regional comparative analyses of electric vehicle policies. For instance, Ma et al. [16] constructed an AHP (Analytic Hierarchy Process) model to conduct a comprehensive evaluation of the electric vehicle industry policies in China, Japan, the United States, and Germany, aiming to identify the optimal policy path suitable for the development of electric vehicles.



However, existing research still has limitations. On the one hand, the foreign literature focuses more on economic, climatic, and technological factors, with relatively weak analysis of policy impacts. On the other hand, domestic research, although incorporating policy perspectives, primarily employs qualitative methods and lacks theoretical analysis and empirical testing combined with local realities. Moreover, the existing literature pays little attention to the potential differences in policy effects brought about by China’s unique “dual principal–agent” (which will be explained in detail in Section 3.1) administrative model. Under this model, whether the intentions of central policies can be effectively transmitted to local levels and subsequently influence industrial development remains to be further explored. Therefore, future research should further expand the analytical perspective, combine policy factors with other influencing factors, innovate research methods, strengthen theoretical construction and empirical testing in the local context, and particularly focus on China’s “dual principal–agent” administrative system to discuss the effects and mechanisms of industrial policies, with the aim of providing more comprehensive, in-depth insights that align with the national conditions for the high-quality development of the electric vehicle industry.




2.2. Current Research on Text Quantification Methods


With the advent of the big data era and the improvement of computational capabilities, text quantification methods have been widely applied in social science research. A comprehensive review of the existing literature revealed that scholars have primarily discussed text quantification methods from two perspectives: technical paths and application fields. In terms of technical paths, the word2vec model proposed by Mikolov et al. [17] and the BERT model developed by Devlin et al. [18] have provided important tools for calculating text similarity from the perspectives of word embedding and text representation learning, respectively. The GloVe model proposed by Pennington et al. [19] learns word vectors through a global word co-occurrence matrix, further enriching word embedding methods. In terms of application fields, Linder et al. [20] used topic models to analyze the policy texts of the European Commission and studied the evolution and interaction of policy issues. Gentzkow et al. [21] combined word embedding and machine learning methods to examine the dynamic changes in ideology in U.S. Supreme Court cases, expanding a new perspective of judicial research. Hansen et al. [22] employed text analysis methods to study the uncertainty of policy statements by the Federal Open Market Committee (FOMC) and found that monetary policy uncertainty has a significant impact on asset prices and macroeconomic activities.



Theoretical research on text analysis methods currently surpasses practical applications. Most existing studies rely on qualitative approaches, with limited quantitative analysis, making it difficult to capture text content features accurately. Additionally, research tends to focus on text analysis techniques themselves, with little integration into econometric models, limiting the potential of text quantification in empirical research. This study addressed these gaps by using the BERT model to calculate thematic similarity in policy texts and incorporating it. It also established a nonlinear regression model based on threshold effects to quantitatively analyze the intrinsic relationship between policy differences and industrial development. This approach offers new interdisciplinary insights, highlighting the potential for integrating text analysis with econometric modeling and advancing social science research paradigms.





3. Research Framework and Theoretical Foundation


3.1. Dual Principal–Agent Administrative Framework


In the current international framework, China possesses three major characteristics: a large economic scale, a large population base, and rapid development speed. The coexistence of development potential and risks in this unique development context compelled China to construct an industrial policy system with higher administrative efficiency and stronger constraining capabilities to ensure industrial security and sustainable development [23].



Under China’s political and economic background, the design and implementation process of its industrial policies can be regarded as the transfer of policy intentions between the formulators and the implementers, presenting a typical dual principal–agent relationship [24]. The central government, as the controller of the development direction, formulates long-term industrial development strategies and requires local governments to refine and implement policies according to local conditions. In this process, the central government acts as the principal, and local governments act as the agents, constituting the first layer of the principal–agent relationship. Subsequently, local governments design specific policy tools based on the requirements of the central government, promoting local industrial development through a series of industrial policies such as subsidies, taxation, regulation, and service policies [25]. Enterprises, as the main recipients of these policies, complete production and operations according to specific policy requirements [26]. In this process, local governments act as the principals, and enterprises become the agents, forming the second layer of the principal–agent relationship (see Figure 1).



In the dual principal–agent relationship, differences in policy objectives and information asymmetry between the central and local governments lead to inevitable variations in the formulation and implementation of policies for the electric vehicle (EV) industry. On one hand, these differences allow local governments the flexibility to tailor policies to their specific regional conditions, such as subsidies for charging infrastructure, tax incentives for EV manufacturers, and consumer purchase incentives. This flexibility can stimulate local innovation and adaptation, fostering a more dynamic industrial environment [27]. However, excessive policy divergence may cause local governments to stray from the broader national strategy, resulting in fragmented industrial development, inefficient resource allocation, and even unhealthy regional competition [28]. In such cases, the lack of coordination can undermine the overall effectiveness of policy measures designed to promote EV adoption. Conversely, overly rigid alignment with central policies might suppress local governments’ autonomy, limiting their ability to address region-specific challenges and opportunities [29].




3.2. Theoretical Foundation


The relationship between policy thematic similarity and the development of the EV industry is complex and can be explained by a blend of policy consistency theory and local autonomy in policy innovation. These two theoretical frameworks provide a foundation for understanding both the linear and non-linear dynamics between central–local policy alignment and industrial growth.



	1.

	
Policy Consistency Theory







Policy consistency, or alignment between central and local government policies, is often viewed as a key driver of efficient policy implementation. The central government, in its role as a strategic planner, sets national objectives such as promoting green technologies and accelerating EV adoption as part of its sustainable development goals. When local governments align their policies closely with these national goals, the resulting consistency minimizes miscommunication and friction in the policy implementation process [30]. Theoretically, this alignment enables resources to be more effectively allocated, reduces uncertainty for market participants (such as manufacturers and consumers), and strengthens the signal to investors that the EV sector is a stable and growing industry [31].



In a linear relationship, high thematic similarity between central and local policies implies stronger coordination. This reduces transaction costs, such as the time and effort required for local governments to interpret and adjust central directives [32]. It also leads to smoother execution of national priorities at the local level, thus fostering industrial growth. For instance, when a local government adopts central policies without significant modification, it benefits from clearer policy guidelines, greater political support, and increased financial incentives from the central government. The consistency between policy objectives across government levels can thus amplify the effectiveness of subsidies, tax incentives, and infrastructure investment programs that are critical for EV development [33].



	2.

	
Local Autonomy and Policy Innovation Theory







However, policy consistency alone does not always guarantee optimal industrial outcomes. The theory of local autonomy in policy innovation highlights the importance of regional flexibility. Local governments, faced with distinct regional challenges such as varying levels of infrastructure, economic development, and consumer preferences, often need to adapt national policies to local conditions. This flexibility is crucial because a one-size-fits-all approach may not address the specific needs of different regions [34]. For example, a policy designed to promote charging infrastructure in densely populated urban areas like Guangzhou may not be as effective in rural or less economically developed regions like Guangxi, where transportation infrastructure or energy capacity may differ significantly.



When local governments exercise discretion to tailor national policies, they are able to innovate and implement more regionally effective strategies. This adaptability introduces a non-linear dynamic into the relationship between policy similarity and EV industry development. Too much alignment between central and local policies might stifle local innovation, preventing local governments from responding effectively to unique challenges [35]. Conversely, too much divergence could lead to fragmentation, where local policies deviate so far from national objectives that they become ineffective or incompatible with the central government’s broader goals.




3.3. Mechanism of Impact


The impact of policy thematic similarity on EV development operates through two main mechanisms. First, a high degree of policy alignment between the central and local governments facilitates efficient information transmission and reduces the communication costs associated with policy implementation. This coordination ensures that local governments can effectively execute central policies, leading to smoother industrial development. Consequently, a positive linear relationship between policy similarity and industrial growth may emerge [36].



However, if local governments merely replicate central policies without adapting them to local circumstances, the effectiveness of these policies may be diminished. Regions with different economic structures or infrastructure capabilities may require tailored approaches to national EV policies to better suit local conditions. Excessive policy alignment can lead to rigid implementation, hindering necessary local innovations and, in turn, impeding industrial growth [37]. This scenario suggests a non-linear relationship: moderate thematic similarity allows for local flexibility and innovation, maximizing the potential for EV development, while too much or too little alignment results in suboptimal outcomes [38].



In this context, achieving a balance of moderate thematic similarity becomes ideal. Local governments benefit from the strategic direction and resources provided by the central government while retaining sufficient flexibility to innovate and address region-specific needs [39]. This balance fosters optimal conditions for EV industry growth, as regions can implement targeted policies—such as consumer subsidies tailored to local economic conditions or infrastructure investments suited to regional needs—while still aligning with national objectives.



Accordingly, discussing the specific impact of these differences on industrial development, determining the optimal range of difference control, and identifying the appropriate degree of policy autonomy that local governments should enjoy are of great significance for promoting high-quality industrial development. This study employed the BERT model to analyze the thematic differences in electric vehicle industry policies between the central government and 31 provincial-level administrative units. It also utilized the random forest model to establish a nonlinear regression equation, quantitatively analyzing the intrinsic relationship between policy differences and industrial development. The findings provide a scientific basis and theoretical support for formulating an efficient and coordinated “central–local” industrial policy system.





4. Policy Thematic Distance Measurement Based on the BERT Model


4.1. Policy Selection


A total of 2427 electric vehicle-related policies in China were collected, including 290 central policies and 2237 local policies. The policies were screened according to the policy classification method proposed by Luo Qian [40]. The results include policy documents or excerpts from policy documents related to electric vehicles at both the central and local levels, such as strategic plans, guiding opinions, management measures, implementation methods, enforcement regulations, and industry regulations. Finally, 142 central industrial policy documents and 726 local industrial policy documents were selected. Based on this policy sample, a dataset containing multi-level policy texts was constructed. Data preprocessing included text segmentation, removal of non-text elements, and formatting the text into an input format acceptable to the BERT model. The ultimately selected central and some local electric vehicle policies were used to generate the dataset.



A total of 2427 electric vehicle-related policies in China were collected, including 290 central policies and 2237 local policies. These policies were sourced from official government portals at various levels in China [41], the Peking University Legal Information Network [42], the China Association of Automobile Manufacturers [43], and other relevant platforms. The policies were screened according to the classification method proposed by Luo Qian [40]. The resulting dataset includes policy documents or excerpts related to electric vehicles at both central and local levels, such as strategic plans, guiding opinions, management measures, implementation methods, enforcement regulations, and industry regulations. Ultimately, 142 central industrial policy documents and 726 local industrial policy documents were selected. Based on this policy sample, a dataset containing multi-level policy texts was constructed. Data preprocessing involved text segmentation, removal of non-text elements, and formatting the text into an input format compatible with the BERT model. The vehicle industrial policies are shown in Table 1 and Table 2.




4.2. BERT Model Parameter Settings


Policy thematic distance research differs from general text analysis, as it not only requires accurate identification of policy themes but also quantification of abstract text data. The analysis process involves complex policy expressions and highly specialized technical terms, necessitating the selection of tools capable of understanding the deep meaning of the text. Traditional text analysis methods such as TF-IDF and Word2Vec can perform word frequency statistics and importance calculations but lack an understanding of the overall theme and deep logic of the text.



In 2018, Devlin released the BERT model, marking a new stage of development in the field of natural language processing (NLP) [18]. The architecture of BERT is based on the Transformer and employs a bidirectional pre-training mechanism to learn language representations from large-scale corpora, enabling it to capture the complex semantic relationships of vocabulary in different contexts and more accurately understand the language habits and design logic of different policy entities [44]. Moreover, the fine-tuning capability of the BERT model allows for customized optimization on specific policy analysis tasks, enabling it to reveal subtle differences between policies and further improve the accuracy and depth of the research. BERT processes input tokens, including   C L S   for sentence-level tasks, individual words, and   S E P   for separating sentences, by converting them into embeddings. These embeddings are then passed through multiple bidirectional Transformer layers to generate contextualized representations. Finally, the outputs are fed into a dense layer to perform task-specific predictions, such as classification or labeling (see Figure 2).



To quantify the policy distance between China’s central and local new energy vehicle industry policies, a fine-tuned BERT model was employed. Built upon the pre-trained BERT-based-Chinese model, the fine-tuning process included a custom fully connected layer added to BERT’s output layer. This additional layer converted the high-dimensional feature vectors generated by BERT into compact vector representations, tailored for calculating policy text distances. This structure allowed the model to represent subtle distinctions and potential semantic relationships in policy texts effectively. The computational tasks were conducted using an NVIDIA Tesla V100 GPU. Training the model on the complete policy dataset required approximately 8 h, and the average inference time per policy document was 20 milliseconds. To ensure reliability and accuracy, the model’s parameters and architecture were systematically configured to address the specific requirements of policy text analysis.



	1.

	
Parameter Settings







The BERT model employed in this study features a 12-layer architecture, with each layer containing 768-dimensional hidden units and 12 attention heads. The total parameter count is approximately 110 million. To balance the model convergence speed and stability, the learning rate was set to 2 × 10−5, which ensures a steady optimization process. The batch size was configured as 16 to efficiently utilize GPU memory without sacrificing computational speed. Additionally, the model was trained for three epochs to achieve sufficient learning of the data features while mitigating overfitting risks. These parameter settings were validated through multiple experiments, ensuring an optimal balance between training efficiency and model performance, thereby laying a solid foundation for subsequent policy similarity analysis.



	2.

	
Activation Function and Loss Function







To enhance the model’s capability in capturing semantic features, this study employed the Gaussian Error Linear Unit (GELU) as the activation function in the hidden layers. GELU applies a smooth nonlinear transformation that improves training stability and model adaptability to complex semantic structures. The mathematical expression for GELU is shown in Equation (1):


  G E L U ( x ) = 0.5   ×   ( 1 + t a n h (     2 π     ( x + 0.044715  x 3  ) ) )  



(1)







Compared to the traditional ReLU activation function, GELU is more effective in handling the diverse and complex semantic features inherent in policy texts.



The optimization of the model relies on the Cross-Entropy Loss function, which measures the discrepancy between predicted values and ground truth labels, as shown in Equation (2):


  L = −   1 N     ∑  i = 1  N   [  y i  l o g (    y ^   i  ) + ( 1 −  y i  ) l o g ( 1 −    y ^   i  ) ]    



(2)




where    y i    represents the true label, and   y ^   denotes the predicted probability for the  i  instance. The term  L  represents the average loss across all  N  instances in the dataset. By minimizing this loss function, the model iteratively optimizes its parameters during training, thereby improving its performance in classification and similarity tasks.



	3.

	
Data Preprocessing and Similarity Calculation







Preprocessing the input data is a crucial step for ensuring consistent and effective model training. In this study, raw policy texts were preprocessed systematically. First, the BERT tokenizer was used to segment the texts into tokens. To standardize input lengths, all tokenized sequences were either padded or truncated to a maximum length of 512 tokens. Additionally, non-textual elements, such as special characters and unnecessary whitespace, were removed to ensure the cleanliness of the input data.



Subsequently, using the fine-tuned BERT model, each policy document in the dataset was encoded, obtaining vector representations for each document. By calculating the cosine similarity between these vectors, we quantified the deep semantic distance between central and local new energy vehicle industry policies, which represents the thematic similarity between policies. This is shown in Equation (3).


  Cos ( θ ) =      ∑  i = 1  n    C i   L i          ∑  i = 1  n    C i 2    ∑  i = 1  n    L i 2            



(3)




where   Cos ( θ )   represents the cosine similarity between the two texts, while    C i    and    L i    represent the central and local text vector features generated by the BERT model, respectively.




4.3. Model Evaluation and Conclusions


To comprehensively evaluate the performance of the fine-tuned BERT model in policy text classification tasks, this study employed metrics such as classification accuracy, precision, recall, and F1 score. Classification accuracy measures the model’s overall ability to correctly classify samples in the test set, while precision and recall reflect the model’s accuracy in predicting positive samples and its ability to capture relevant samples, respectively. The F1 score, as a harmonic mean of precision and recall, assesses the model’s robustness under imbalanced class distributions. Macro-averaging was used to calculate these metrics, ensuring that class frequency differences did not disproportionately affect the evaluation results.



The evaluation results indicate that the fine-tuned BERT model achieved an overall classification accuracy of 92.7%, with macro-averaged precision of 91.3%, recall of 93.1%, and an F1 score of 92.2%. These results demonstrate that the model exhibits high classification precision across most categories and effectively captures samples from each class. The high recall score highlights the model’s strong ability to identify positive samples, while the slightly lower precision may be attributed to semantic overlap between certain categories or insufficiently distinct sample features. However, this does not significantly affect the study’s primary objective, as the core task of policy text analysis focuses on identifying semantic similarities and differences rather than achieving strict categorical classification. Moreover, the balanced F1 score underscores the model’s robustness and its ability to maintain consistent performance across imbalanced categories.



Figure 3 is a four-dimensional bubble chart composed of policy thematic similarity, regional names, electric vehicle penetration rate, and policy quantity. The horizontal axis represents the thematic similarity of electric vehicle policies, while the vertical axis shows the names of provincial-level regions in China. Color depth indicates the electric vehicle penetration rate, and bubble size reflects the number of policies. The purpose of this chart is to preliminarily integrate commonly used research variables in the electric vehicle field, laying a foundation for subsequent econometric model development.



Through systematic observation of the scatter plot distribution characteristics, it can be found that there exists a nonlinear association pattern between policy thematic similarity and new energy vehicle penetration rate [45]. When the policy thematic similarity is low, the new energy vehicle penetration rate increases rapidly with the improvement of similarity. However, when the similarity exceeds a certain threshold, the growth rate of penetration gradually slows down and even shows a downward trend. This phenomenon indicates that policy thematic similarity has a “threshold effect” on the promotion of new energy vehicles [46,47]: moderate policy differences are conducive to adapting to local conditions and promoting industrial development, while excessive differences may lead to policy deviation and reduced implementation efficiency, affecting the industrial process. Therefore, finding the “optimal interval” for central–local policy matching is key to achieving healthy development of the new energy vehicle industry.



The policy text quantity and new energy vehicle penetration rate show a significant positive relationship, revealing the important role of active policy supply by local governments in promoting industrial development [48]. However, it is worth noting that in some regions with higher penetration rates, there is a clear “breakpoint” phenomenon in the scatter plot, reflecting that relying solely on “quantitative” policy supply is difficult to fundamentally promote industrial upgrading, and more attention needs to be paid to improving policy quality and targeting [49]. Furthermore, policy quantity may influence policy thematic similarity. In regions with a large number of policies, the policy thematic similarity of the scatter points shows a greater degree of dispersion, implying that a large number of policy texts may increase the diversity of policy themes, to some extent weakening the consistency with central policies. Therefore, while pursuing the quantity of policy supply, it is also necessary to strengthen top-level design and systematic planning, focusing on the logical coordination and internal coupling of various policies to enhance the systematic and scientific basis of the overall policy [50].





5. The Impact of “Central–Local” Policy Differences on New Energy Vehicle Penetration Rate


To further explore the influencing mechanism of policy effects, a threshold effect model was constructed. The potentially nonlinear relationship between the policy quantity, policy thematic similarity, and new energy vehicle penetration rate laid the foundation for introducing a threshold effect model. The “breakpoint” phenomenon in the scatter plot distribution indicates that there may be a certain “critical point” in the policy quantity, causing the relationship between policy thematic similarity and new energy vehicle penetration rate to exhibit significant differences within different policy quantity intervals, requiring an interval division to process variables within different ranges. The threshold regression model can describe the nonlinear impact of independent variables on dependent variables and reveal the differentiated characteristics of variable relationships in different regions [51], providing a suitable econometric analysis framework for analyzing structural mutations in policy effects [52]. In view of this, the next section of this study constructed a threshold regression model with policy quantity as the threshold variable, policy thematic similarity as the core explanatory variable, and new energy vehicle penetration rate as the explained variable. With the help of econometric empirical methods, the nonlinear association between variables was systematically tested, aiming to reveal the structural characteristics of policy transmission under the “dual principal–agent” framework and provide precise and detailed decision-making references for optimizing new energy vehicle industry policies.



5.1. Selection of Indicators and Data


Referring to the indicator selection methods of scholars [53,54,55], the new energy vehicle penetration rate was selected as the explained variable of the model, policy thematic similarity as the key explanatory variable, policy quantity as the threshold variable, and public charging pile quantity, average temperature, air quality index, population density, education level, and per capita disposable income as control variables.



The choice of the new energy vehicle penetration rate as a proxy for the development status of new energy vehicles is grounded in its comprehensive reflection of market adoption and diffusion dynamics. This rate, representing the proportion of new energy vehicle sales to total vehicle sales within the same period, encapsulates not only consumer acceptance levels but also the effectiveness of policy measures and infrastructural support in promoting new energy vehicles. According to the diffusion of innovation theory, the penetration rate serves as a critical metric for assessing the adoption lifecycle of new technologies [56]. It integrates various market factors such as technological readiness, economic feasibility, and societal acceptance, thus providing a holistic indicator of the industry’s developmental trajectory. Furthermore, utilizing the penetration rate allows for temporal and spatial comparisons, facilitating a nuanced analysis of how new energy vehicles are progressing toward mainstream acceptance across different regions and periods.



The new energy vehicle penetration rate came from the China Association of Automobile Manufacturers, representing the ratio of new energy vehicle sales to total vehicle sales in the same period; policy thematic similarity was derived from the calculation results of the BERT model in the previous section; policy quantity was sourced from the portals of various government agencies in China; public charging pile quantity was obtained from the China Electric Vehicle Charging Infrastructure Promotion Alliance; average temperature and air quality index were sourced from meteorological observation stations of the China Meteorological Administration; population density was derived from the China Statistical Yearbook, representing the ratio of regional population to regional area; per capita disposable income was obtained from the China Statistical Yearbook. The symbol representation and descriptive statistics of the variables are shown in Table 3.




5.2. Benchmark Model of Policy Similarity on New Energy Vehicle Penetration Rate


Given the use of panel data and the inclusion of numerous variables, this study employed a fixed-effects model to address potential endogeneity concerns. Endogeneity is a critical issue in empirical research, as it can compromise the validity of causal inferences and lead to biased or inconsistent estimations. In the context of this study, the potential for endogeneity arises from several factors. Reverse causality may occur if the development of the electric vehicle (EV) industry influences the formulation and implementation of policy measures, rather than being solely a consequence of such policies. Additionally, omitted variable bias could result from unobserved regional characteristics or macroeconomic conditions that simultaneously affect both policy measures and EV industry growth. Measurement errors in key variables, such as the intensity of policy implementation or industry performance indicators, could further exacerbate endogeneity issues.



The fixed-effects approach addresses these concerns by controlling for unobserved heterogeneity across regions and over time, thereby isolating the within-region and over-time variations to estimate the relationship between policy measures and EV industry development. This methodological choice reduces the risk of biased estimations and ensures that the analysis captures more reliable and causal effects of policy measures.



Before constructing the threshold effect model, a benchmark model of the impact of policy thematic similarity on the new energy vehicle penetration rate was constructed to test the rationality of the different model structures and control variables, as shown in Equation (4).


   NEP  i t   =  α 0  +  α 1  S I  M  i t   +  α 2   SIM  i t  2  +   ∑  j = 1   n = 6     a  j + 6    X  i t   +  ξ i  +  μ t  +  ε  i t      



(4)




where    NEP i    represents the new energy vehicle penetration rate;   S I  M i    represents the thematic similarity between central and local government policies;    X i    represents the control variables;    ξ i    is the individual fixed effect;    μ i    is the time fixed effects, controlling for macro-level influencing factors such as changes in the international situation, COVID-19 pandemic, and technological innovation commonly experienced by different provinces; and    ε i    is the random error term, representing unobserved demand changes in each province, etc. The regression results of the benchmark model are shown in Table 4.



The regression results in Table 3 show that the benchmark group has the highest goodness of fit, with an R2 of 0.8298, significantly outperforming the three control groups. This indicates that after introducing control variables, the relationship between policy thematic similarity and new energy vehicle penetration rate can be more accurately described. In contrast, control group 1 excluded all control variables, resulting in a significant decrease in the explanatory power of the regression results. Although control groups 2 and 3 employed different functional forms, their fitting effects were still inferior to the benchmark group. The estimation results of the benchmark model validate the rationality of the settings for each variable, providing a reliable foundation for further exploring the threshold effect of policy thematic similarity.



As shown in Figure 4, the benchmark model fitting image intuitively presents the nonlinear relationship between policy thematic similarity and new energy vehicle penetration rate. The scatter plot distribution exhibits a clear quadratic function feature, i.e., the new energy vehicle penetration rate shows a trend of first increasing and then decreasing as policy thematic similarity improves. The shape of the fitted curve is consistent with the theoretical analysis: when policy thematic similarity is low, the penetration rate grows rapidly with similarity; however, when the similarity exceeds a critical value, the growth rate of penetration gradually slows down, showing a trend of marginal diminishing returns.



Combining the above analysis, the model structure setting meets the standards for establishing a threshold effect model. On the one hand, the benchmark model test results confirm the effectiveness of the control variable selection, with significant estimated coefficients for each variable. On the other hand, the nonlinear relationship revealed by the fitted image provides a basis for the model form when introducing the threshold effect model. Hence, the policy quantity threshold variable is formally introduced, and the threshold regression model is employed to deeply analyze the structural relationship between policy thematic similarity and new energy vehicle penetration rate, aiming to obtain more accurate and comprehensive conclusions and provide decision-making references for optimizing new energy vehicle industry policy supply.




5.3. Threshold Effect Model of Policy Similarity on New Energy Vehicle Penetration Rate


The choice of policy quantity as the threshold variable, rather than using the independent variable of new energy vehicle (NEV) penetration rate, is deliberate and grounded in theoretical and empirical considerations. The progression of policy quantity often reflects the increasing intensity and scope of governmental intervention in the development of the NEV industry [57]. Early-stage policies typically focus on foundational support, such as subsidies and infrastructure development, while more mature stages witness a rise in policy complexity and diversity. By employing policy quantity as the threshold variable, we aim to identify a “tipping point” where the marginal impact of additional policies on industry growth may undergo significant changes. At lower levels of policy quantity, the effect on NEV development tends to be more pronounced; however, as the number of policies reaches a certain threshold, the marginal returns may diminish. In some cases, the increasing complexity and coordination challenges of policy implementation could lead to reduced effectiveness or even counterproductive outcomes [58,59].



While policy thematic similarity remains the key independent variable, capturing the degree of alignment between central and local government policies, it does not fully account for the intensity of policy intervention. Moreover, using NEV penetration rate as a threshold variable could introduce endogeneity issues and blur the causal relationships under investigation. By contrast, introducing policy quantity as the threshold variable not only reveals dynamic changes in policy intensity over time but also addresses, to a certain extent, the limitations of thematic similarity in explaining the effects of policy intervention [60]. This approach provides a more comprehensive understanding of how varying levels of policy intensity influence the growth of the NEV industry, particularly in identifying potential nonlinear effects when policy interventions become either excessive or insufficient. This dual methodology allows for a nuanced analysis that captures both the consistency of policy content and the overall strength of policy interventions, thereby offering deeper insights into the effectiveness of governmental policies.



To determine the number of thresholds and threshold values in the threshold effect model, the Bootstrap method was used for testing. The Bootstrap method simulates the sample distribution through self-sampling, effectively overcoming problems such as heteroscedasticity and non-independence, and improving the robustness of threshold effect estimation [51]. Alternative scenarios with 1 to 4 thresholds were set, and 350 Bootstrap samplings were performed for each scenario as shown in Table 5.



The F-statistic of the double threshold model reached 13.38, rejecting the null hypothesis of the number of thresholds equal to 1 at the 1% significance level, and was significantly higher than the other alternative scenarios. In comparison, the F-statistics of the triple threshold and quadruple threshold models were relatively small and did not pass the significance test. Therefore, the double threshold model was ultimately selected as the optimal model setting.



After selecting the double threshold effect model, the likelihood ratio test was further used to estimate the threshold values [52]. Figure 5 presents the relationship between the likelihood ratio statistic and the threshold estimate. The likelihood ratio statistic reached the minimum value at the first threshold    ϕ 1    = 12 and the second smallest value at the second threshold    ϕ 2    = 26, both passing the 1% significance level test. This indicates that when the policy quantity reaches 12 and 26, respectively, the relationship between policy thematic similarity and new energy vehicle penetration rate will undergo significant changes, exhibiting structural mutation characteristics based on policy quantity.



Based on the Bootstrap test and the distribution of LR statistics, a policy quantity double threshold effect model was constructed to deeply investigate the impact of new energy vehicle industry policy thematic similarity on new energy vehicle penetration rate within different policy quantity ranges as shown in Equation (5).


     NEP  i t   =  α  0   +  α 1   SIM  i t   ⋅ I ( N U  M  i t   <  ϕ  1   ) +  α  2    SIM  i t  2  ⋅ I ( N U  M  i t   <  ϕ 1  ) +      α 3  S I  M  i t   ⋅ I (  ϕ 1  ≤ N U  M  i t   <  ϕ 2  ) +  α 4   SIM  i t  2  ⋅ I (  ϕ 1  ≤ N U  M  i t   <  ϕ 2  ) +      α 5  S I  M  i t   ⋅ I ( N U  M  i t   ≥  ϕ 2  ) +  α 6   SIM  i t  2  ⋅ I ( N U  M  i t   ≥  ϕ 2  ) +  β 1  N E  P  i t − 1   +   ∑  j = 1   n = 6     a  j + 6    X  i t   +  ε  i t        



(5)




where  I  represents the indicator function, which takes the value of 1 when the condition holds and 0 otherwise;  ϕ  represents the threshold value;   N E  P  i t − 1     represents the lagged new energy vehicle penetration rate;    β 1    represents the regression parameter of the lagged term; and    ε  i t     is the random disturbance term. The model regression results are shown in Table 6.



This study provides multiple test indicators to assess the effectiveness of the model. First, the R2 values within the three threshold ranges were all greater than 0.7, indicating that the overall model results were effective. The F-statistics were all greater than 3.9, and the p-values were all less than 0.01, indicating that the model is significant and has a good fit. Second, the VIF values were all less than 10, suggesting that there is no serious multicollinearity problem. This study also conducted the Jarque–Bera, Breusch–Pagan, and White tests to evaluate the statistical properties of the residuals. The Jarque–Bera test examines whether the residuals follow a normal distribution by analyzing skewness and kurtosis, while the Breusch–Pagan and White tests are used to detect heteroscedasticity by assessing whether the variance of residuals remains constant across observations. The p-values for all three tests were greater than 0.05, indicating that the residuals are normally distributed and that there are no issues of heteroscedasticity or serial correlation. Finally, the Durbin–Watson values were close to 2, also indicating that there was no obvious autocorrelation. Combining the above test results, it can be considered that the double threshold model is effective and robust and can accurately describe the threshold effect of policy thematic similarity on the new energy vehicle penetration rate.



Figure 6 presents the three fitted curves, each corresponding to different policy quantity intervals, depicting the complex impact of policy differences between central and local governments on the development of the new energy vehicle industry. Although all three curves exhibit the basic form of a quadratic function, their nonlinear characteristics and evolutionary patterns show significant differences, producing multiple “consistency–specificity” equilibrium points. These points represent the balanced degree of similarity between central and local industrial policies where policy combination efficiency is highest (visually represented by the peak positions of the curves). The migration of these equilibrium points across different development stages reflects the dynamic effects and structural contradictions of industrial policies.



When the policy quantity is at a low level (less than 12), the penetration rate exhibits nonlinear characteristics with changes in policy thematic similarity, and the overall function curve shifts to the right. The equilibrium point of the penetration rate (i.e., the similarity corresponding to the peak of the curve) is close to 83%, indicating that industrial development requires higher policy consistency at this stage, and “central–local” policies need to maintain a higher degree of convergence to form a joint force. This may be because, in the context of relatively scarce regional policy supply, excessively dispersed policy orientations make it difficult to concentrate resources and form a unified industrial development atmosphere, and the authority and overall planning of central policies become particularly crucial.



When the policy quantity rises to the moderate interval of 12–26, the curve shifts significantly upward as a whole, and the penetration rate level increases substantially at each similarity point, indicating that the enrichment and systematization of policies have a positive impact on accelerating industrial development. At the same time, the curvature of the curve also increases significantly, showing a typical inverted U-shape, reaching a peak near the equilibrium point of around 80% similarity. This implies that, within this policy quantity interval, the development of the new energy vehicle industry is more sensitive to the balance of “coherence–specificity”, and the requirement for balancing both increases substantially [61]. If policies are too convergent (similarity significantly higher than 80%), it may inhibit local enthusiasm; if they are too dispersed (similarity significantly lower than 80%), it is difficult to form policy synergy. Both deviations will have a clear negative impact on the penetration rate [62]. Therefore, in the future, while adhering to the leading role of central policies, appropriate exploration space should be left for localities, guiding them to formulate differentiated strategies based on regional endowments so as to realize the precise control of policy effectiveness in the dynamic game.



As the policy quantity further increases (exceeding 26), the curve undergoes significant changes again, but with clear differences from the change path of the previous interval. On the one hand, although the overall shape remains an inverted U, the vertical displacement of the curve decreases, and the penetration rate level shows a slight decline at most similarity points, indicating that the marginal effect of policy quantity is diminishing, and its driving force for industrial development has weakened to some extent. On the other hand, the curve shifts to the left as a whole, with the equilibrium point decreasing from around 80% to 76%, indicating that as the policy system at the regional level becomes increasingly perfect, the requirement for local government autonomy in industrial development further increases [63]. When policy supply is already abundant, further strengthening consistency yields diminishing marginal returns and may instead suppress regional innovation vitality, leading to a “convergence trap” [64].



In summary, the dynamic evolution patterns reflected by the three fitted curves have important implications for optimizing the “central–local” policy game and promoting high-quality development of the new energy vehicle industry. In the initial stage of industrial development, the focus should be on leveraging the leading role of central policies, controlling the degree of local decentralization, and strengthening consistency to concentrate resources and expand the industry. As the industry enters the growth stage, appropriate decentralization should be implemented under the central policy framework, encouraging localities to engage in differentiated exploration and seeking a dynamic balance between “consistency and specificity”. When the industry reaches maturity, government control should be appropriately reduced, market vitality should be released, and local autonomy should be further expanded to maximize the stimulation of regional endogenous dynamism. It can be seen that the key to achieving dynamic optimization of industrial policy effectiveness lies in accurately identifying the stage changes of the “equilibrium point”, dynamically adjusting control intensity based on the law of diminishing effectiveness, and cyclically switching between centralization and decentralization to precisely match the needs of industrial development [65]. In the future, top-level design should be further strengthened, and the local policy fault tolerance and correction mechanism should be improved to provide an institutionalized channel for policy gaming, continuously pushing the new energy vehicle industry to a higher level with more precise and pragmatic policy combinations.




5.4. Robustness Test


To verify the robustness and address potential endogeneity concerns in the model results, this paper adopted the method of replacing the explained variable for testing. Specifically, the new energy vehicle ownership ratio [66] was used to replace the new energy vehicle penetration rate, and the threshold effect regression was performed again to examine whether the core conclusions still hold. The new energy vehicle ownership ratio reflects the proportion of new energy vehicle stock in the total vehicle stock, representing the overall level of new energy vehicle popularization and application in a region [13], and can serve as a reasonable alternative indicator to the penetration rate.



The results of the robustness test (see Table 7) are highly consistent with the benchmark model in terms of both the division of threshold intervals and the estimation of threshold values. In the three different policy quantity intervals, the policy thematic similarity and the new energy vehicle ownership ratio consistently exhibit a significant inverted U-shaped relationship, and the “equilibrium point” presents a nonlinear evolution feature of first moving to the right and then to the left as the policy quantity increases. This indicates that the main conclusions drawn in this paper based on the penetration rate indicator have strong robustness and are not affected by the specific indicator selection.



It is worth noting that the significance level of the impact coefficient of policy thematic similarity slightly decreases in the robustness test. This may be because, compared to the penetration rate, the ownership ratio responds relatively sluggishly to short-term policy shocks, thus weakening the statistical test power of the impact of policy differences on it. However, overall, the robustness test further verifies the nonlinear impact of “central–local” policy differences on the development of the new energy vehicle industry and the necessity of dynamically adjusting control intensity based on policy quantity. In the future, the indicator system should be further enriched, and robustness tests should be conducted using more dimensions of industrial development indicators to provide more comprehensive and precise empirical support for improving the identification of policy “equilibrium points” and optimizing the dynamic control of policy effectiveness.





6. Conclusions and Policy Implications


This study, based on the “dual principal–agent” theoretical perspective and utilizing the BERT model and threshold regression method, examined the impact of differences in new energy vehicle industry policies between China’s central and local governments on industrial development. This research found a significant inverted U-shaped relationship between policy thematic similarity and new energy vehicle market penetration. As the number of policies increases, the optimal policy interval for this relationship exhibits a dynamic evolutionary characteristic of first shifting right and then left. Therefore, in the process of industrial development across different regions, both centralized and decentralized decision-making models have emerged to varying degrees. While both models may have played a role in promoting industrial growth, any tendency toward extremity in either model could lead to adverse effects.



Centralizing policy decision-making in emerging sectors, such as the new energy vehicle industry, can introduce certain risks, particularly regarding its potential impact on innovation and regional adaptability. While centralized policies promote consistency and alignment with national strategies, they may limit the flexibility and responsiveness of local governments. This limitation is especially problematic in rapidly evolving industries, where localized experimentation, tailored approaches, and quick adaptation to technological and market changes are critical for fostering innovation. Such restrictions may impede technological advancements and slow the industry’s ability to respond to dynamic conditions.



On the other hand, excessive decentralization in policy decision-making may bring certain risks to emerging sectors. Decentralized policies can result in fragmented strategies and uneven implementation across regions, making it difficult to achieve coherent national objectives. For strategic industries that rely on significant state-level investment, overly decentralized decisions during the early stages of development may hinder resource coordination and collaborative efforts. Moreover, inconsistent local policies can create regulatory uncertainty and delay the standardization of technologies, further affecting industry growth.



This suggests that the allocation of new energy vehicle industry policies between central and local governments should be dynamically adjusted at different stages of industrial development to enhance policy effectiveness and address evolving sectoral needs. Based on these findings, this paper proposes the following policy recommendations:




	1.

	
Optimize Multi-Level Policy Coordination within Current Administrative Structure









In the initial stage of industrial development, due to the limited number of policies, a more regulatory and less autonomous policy mode is preferable for industrial development. At this time, efforts should focus on strengthening the leading role of central policies, enhancing guidance and supervision of local policy formulation, improving the consistency of vertical policies between central and local governments, and rapidly expanding the industry scale by concentrating limited resources and factors [67]. As policy supply gradually increases and the industry enters a growth phase, the optimal policy interval gradually shifts left, and local governments’ demand for policy design autonomy expands. During this stage, while maintaining central macro-guidance, policy-making autonomy should be moderately delegated, encouraging localities to innovate policies based on regional development realities, adjusting policy content in real-time, seeking a dynamic balance between central and local policy content, and ensuring precise adaptation to the pace of industrial development. When the industry enters maturity and the policy system becomes more refined, the balance point further shifts left. At this point, efforts should be made to expand the boundaries of local policy autonomy, promoting differentiated and characteristic policy innovations, and fully stimulating the endogenous motivation of local governments to drive industrial development. Simultaneously, the boundaries of rights and responsibilities between central and local governments in industrial development should be further clarified, improving and perfecting the vertical transmission mechanism of policies, facilitating information exchange channels between government levels, strengthening interest coordination, and continuously enhancing the overall effectiveness of policy supply through multi-level policy synergy [68].



	2.

	
Balancing Consistency and Specificity for Enhanced Policy Precision







This empirical study shows that both excessive policy differences and high policy convergence between central and local governments can, to some extent, weaken the endogenous driving force of new energy vehicle industry development. On the one hand, when local policies deviate excessively from central policy objectives, it can easily lead to disorderly competition among regions, resulting in chaotic industrial layout and incomplete industrial chains, which is unfavorable for forming a policy synergy to promote industrial development. On the other hand, blindly pursuing high policy convergence may trigger regional homogeneous competition, suppressing local policy innovation vitality, and even leading to policy decisions unfavorable to local industrial development. Therefore, future efforts should further strengthen the top-level design of industrial development strategies, clarifying phased goals and key tasks for industrial development at the national level, while reserving necessary exploration space for localities to formulate differentiated policies based on local conditions. Localities should be encouraged to leverage their resource endowments, industrial foundations, and locational advantages to highlight regional characteristics, conducting differentiated explorations within the national policy framework to form a regional industrial pattern of complementary advantages and staggered development [69]. Concurrently, mechanisms for coordinating and dialoguing on inter-regional industrial policies should be further established and improved, enhancing cross-regional policy information sharing and interest coordination, promoting optimal resource allocation, and achieving regional collaborative development amid differences. Additionally, third-party evaluation mechanisms should be actively introduced to dynamically assess policy implementation effectiveness from an objective and neutral perspective, providing customized policy consulting services to local governments, and offering scientific decision-making references for optimizing and adjusting policy combinations between central and local levels based on specific development levels [70,71].



	3.

	
Strategic Policy Adaptation: A Global Perspective







In terms of policy frameworks, the Chinese political system exhibits significant strengths due to its top-down enforcement capabilities and efficient policy adjustment processes, which are particularly evident in the rapid implementation of central policies at the local level. However, this centralized execution mechanism, while ensuring swift policy implementation, also harbors risks: flaws in strategic policy design can quickly magnify errors, extensively impacting the entire industry [39]. Therefore, when other nations consider adopting similar policy frameworks, they must first evaluate whether such models are compatible with their own political and administrative systems. It is advisable for these countries to establish flexible mechanisms for policy feedback and adjustment to enhance adaptability and sustainability, ensuring long-term effectiveness and the capacity to dynamically respond to complex situations [58].



At the industry development level, this research underscores the necessity of phase-specific policy adjustments and the adaptability of local government policies, offering significant insights for other countries in formulating policies to support new energy vehicles and other strategic emerging industries. It is recommended that nations, in their policy-making processes, should thoroughly consider the specific conditions and characteristics of local contexts, allowing local governments the scope within national policy frameworks to make necessary adjustments and innovations [61]. Additionally, by strengthening policy coordination and resource integration across different regions, policy fragmentation during implementation can be more effectively prevented, facilitating the optimal allocation of industrial resources and balanced industrial development. This approach will assist countries in designing more effective and adaptable policy systems based on their unique circumstances, supporting sustained innovation and growth in their industries.




7. Discussion


This study makes significant contributions to the field of China’s new energy vehicle industry policy. It introduces an innovative “dual principal–agent” theoretical perspective, combined with advanced text mining techniques and threshold regression methods. This research provides new analytical insights and empirical evidence for policy process theory and differentiated policy management. By examining the interactive relationships between policies at different levels, it aligns closely with the actual interactions between central and local governments in China’s unique political system. This study proposes seeking a dynamic balance between central and local policies, emphasizing the importance of adjusting policy differences based on the industry’s development stage. This approach breaks through the traditional binary opposition of centralization and decentralization, enriching the theoretical understanding of differentiated policy management. The findings offer valuable insights for developing precise and effective multi-level policy coordination mechanisms, contributing to both theoretical advancement and practical optimization of new energy vehicle industry policies in China and potentially worldwide.



To evaluate the applicability of the analytical framework, this study selected Japan and the United States as case examples. These two countries represent distinct governance systems and industrial contexts: Japan’s centralized administrative structure contrasts sharply with the decentralized federal system of the United States. Additionally, both nations have mature EV industries and significant policy experience, making them ideal for testing the adaptability of the framework across varying governance and economic conditions.



Japan’s governance structure is highly vertical, with centralized control over policy formulation and limited local government autonomy. Local governments primarily serve as executors of national policies, resulting in a hierarchical administrative system. To adapt the framework to this context, additional layers are necessary to reflect the interactions between central ministries and local implementers. These adjustments enable the framework to account for centralized processes while addressing regional disparities, such as uneven EV infrastructure development. The United States, in contrast, operates under a decentralized federal system characterized by significant delegation of authority to states. This flat governance structure, combined with substantial economic and administrative diversity among states, requires the framework to emphasize differentiation mechanisms. Specifically, it should incorporate quantitative methods capable of addressing the heterogeneity of state-level conditions, such as hierarchical modeling or multi-level regression approaches, which allow for simultaneous analysis of national trends and state-specific dynamics.



Specifically, future research should focus on the following aspects for further expansion:




	
Extend the research to more industrial fields, conduct comprehensive comparative analyses across industries and regions, construct a multi-dimensional indicator system for measuring policy differences, and further test the universality of the “dual principal–agent” analytical framework.



	
Incorporate more explanatory variables such as industrial development stages and regional innovation environments, introduce theoretical tools like evolutionary economics and game theory, and deeply explore the dynamic evolution mechanism of central–local policy interactions.



	
Strengthen comparative studies with cutting-edge research in related fields abroad, expand the international perspective of China’s industrial policy research, absorb the advantages of industrial policies from various countries, and gradually improve the industrial policy evaluation system.
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Figure 1. Dual principal–agent model of China’s new energy vehicle industry policy system. 






Figure 1. Dual principal–agent model of China’s new energy vehicle industry policy system.



[image: Energies 17 05805 g001]







[image: Energies 17 05805 g002] 





Figure 2. BERT model operation mechanism. 
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Figure 3. Three-dimensional relationship between policy thematic similarity, policy quantity, and new energy vehicle penetration rate. 
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Figure 4. Benchmark model fitting image. 
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Figure 5. LR statistic distribution. 
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Figure 6. Threshold effect model fitting image. 
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Table 1. China’s new energy vehicle industry policies at the central level (excerpts).






Table 1. China’s new energy vehicle industry policies at the central level (excerpts).





	Year
	Policy Name
	Policy Number





	2009
	Announcement on the Release of Access Management Rules for New Energy Vehicle Manufacturers and Products
	No. 44 [2009] of the Ministry of Industry and Information Technology



	……
	…….
	……



	2023
	Guiding Opinions on Further Strengthening the Construction of Safety Systems for New Energy Vehicle Enterprises
	No. 10 [2022] of the General Office of the Ministry of Industry and Information Technology










 





Table 2. China’s new energy vehicle industry policies at the local level (Shanghai).
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	Year
	Policy Name
	Policy Number





	2009
	Several Policy Provisions on Promoting the Development of New Energy Vehicle Industry in Shanghai
	No. 55 [2009] of the General Office of the People’s Government of Shanghai Municipality



	……
	…….
	……



	2023
	Shanghai’s Implementation Plan for Accelerating the Development of New Energy Vehicle Industry (2021–2025)
	No. 10 [2021] of the General Office of the People’s Government of Shanghai Municipality










 





Table 3. Descriptive statistics of model variables.






Table 3. Descriptive statistics of model variables.





	Variable Name
	Variable

Symbol
	Unit
	Minimum Value
	Maximum Value
	Mean
	Standard Deviation





	New Energy Vehicle Market Penetration
	NEP
	%
	6.67
	53.53
	27.77
	10.98



	Policy Thematic Similarity Index
	SIM
	%
	71.1
	85.40
	78.69
	3.78



	Number of Policies
	NUM
	count
	3
	47
	18.23
	12.14



	Public EV Charging Infrastructure
	CPL
	10,000 units
	0.0557
	38.30
	5.79
	7.1034



	Average Temperature
	TEMP
	°C
	3.6
	24.8
	14.0
	5.41



	Air Quality Index
	AQI
	μg/m2
	5.4
	46.00
	29.67
	9.10



	Population Density
	POP
	Persons/km2
	3
	3950
	474.58
	707.52



	Educational Attainment
	EDU
	%
	4.75
	28.60
	8.43
	4.90



	Per Capita Disposable Income
	COL
	10,000 CNY
	2.32731
	7.96
	3.66
	1.37043










 





Table 4. Benchmark model regression results.
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	Variable
	Basic Group
	Control Group 1
	Control Group 2
	Control Group 3





	    α  0     
	−9.6490 *** (0.000)
	−6.653 (0.392)
	−9.5640 ** (0.031)
	−9.6131 * (0.979)



	   S I M   
	−0.2253 *** (0.008)
	−0.1292 (0.141)
	
	



	   S I  M 2    
	36.2431 *** (0.000)
	13.6509 * (0.152)
	
	



	   ln S I M   
	
	
	1.790 (0.121)
	3.914 (0.149)



	     ( ln S I M )  2    
	
	
	3.590 * (0.087)
	4.275 (0.101)



	N
	31
	31
	31
	31



	R2
	0.8298
	0.2289
	0.5928
	0.5012



	SSE
	519.5843
	694.5287
	558.3571
	600.8154



	RMSE
	4.3868
	9.3427
	5.743
	5.219



	Control variables included
	Yes
	No
	Yes
	No







Note: The asterisks represent the significance level of the coefficients: *** p < 0.01 (highly significant), ** p < 0.05 (significant), * p < 0.10 (weakly significant). Numbers in parentheses are p-values indicating the statistical significance of the coefficients.













 





Table 5. BS sampling results.
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	Threshold Quantity
	BS Sample Size
	F-Statistic
	p-Value





	1
	350
	7.89
	0.159



	2
	350
	13.38
	0.009



	3
	350
	8.91
	0.151



	4
	350
	6.25
	0.242










 





Table 6. Threshold effect model regression results.
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	Indicator
	NUM < φ1
	φ1 <= NUM < φ2
	NUM >= φ2





	    α  0     
	−2233.6577 *** (0.000)
	−3477.4708 *** (0.007)
	−1960.2629 *** (0.009)



	   S I M   
	54.6759 *** (0.009)
	89.1656 *** (0.001)
	52.5481 *** (0.000)



	   S I  M 2    
	−0.3307 *** (0.000)
	−0.5657 *** (0.010)
	−0.3456 *** (0.003)



	F-statistic
	5.261 (0.000)
	4.029 (0.000)
	3.905 (0.000)



	Jarque–Bera
	0.315 (0.8543)
	0.437 (0.0788)
	0.5624 (0.7549)



	Breusch–Pagan
	1.6788 (0.432)
	0.6022 (0.74)
	1.5869 (0.4523)



	White
	1.8387 (0.7654)
	1.2087 (0.8767)
	3.7518 (0.4406)



	   α  0     VIF
	9.7542
	9.7868
	9.9174



	  S I M   VIF
	6.7959
	6.9173
	5.7317



	  S I  M 2    VIF
	7.7315
	7.5322
	9.6424



	Durbin–Watson
	1.85
	1.775
	1.678



	N
	434
	434
	434



	R2
	0.801
	0.765
	0.721







Note: The asterisks represent the significance level of the coefficients: *** p < 0.01 (highly significant) Numbers in parentheses are p-values indicating the statistical significance of the coefficients.













 





Table 7. Robustness test.






Table 7. Robustness test.





	Indicator
	NUM < φ1
	φ1 <= NUM < φ2
	NUM >= φ2





	    α  0     
	−2455.8537 *** (0.000)
	−3410.8366 *** (0.007)
	−1895.8356 *** (0.004)



	   S I M   
	56.9377 *** (0.029)
	90.8572 *** (0.000)
	51.9266 *** (0.005)



	   S I  M 2    
	−0.3963 *** (0.000)
	−0.5924 *** (0.010)
	−0.3128 *** (0.007)







Note: The asterisks represent the significance level of the coefficients: *** p < 0.01 (highly significant). Numbers in parentheses are p-values indicating the statistical significance of the coefficients.
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