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Abstract

To address the difficulty of simultaneously characterizing runoff temporal variation and spatial connectivity
among stations under the complex river network conditions of the Huaihe River Basin, a spatiotemporal graph
neural network model integrating temporal feature extraction and graph-based spatial modeling was developed
for mid- to long-term runoff forecasting. Based on multi-station daily precipitation, air temperature, and runoff
data from 2011 to 2020 in the Huaihe River Basin, data preprocessing was conducted, including missing-value
imputation, outlier detection, standardization, and basin graph construction, and an adjacency matrix was
established according to the upstream—downstream hydrological connectivity among stations. The model
employed LSTM to extract dynamic features from historical sequences and graph convolution to capture
spatial dependencies within the basin. Compared with LSTM, K-nearest neighbor, support vector regression,
decision tree, and AdaBoost models, the proposed model achieved better overall predictive performance on
the basin-wide test set, with an average R? of 0.915, average MAE of 30.019, and average RMSE of 50.243,
demonstrating strong runoff process fitting ability and good error control at the basin scale. The results indicate
that incorporating basin spatial connectivity can effectively improve the accuracy of mid- to long-term runoff
forecasting and provide methodological support for water resources regulation and flood-control decision-
making in complex river basins.

Keywords

spatiotemporal graph neural network, Huaihe River Basin, mid- to long-term runoff forecasting, spatial
connectivity, complex river-network basin

1. Introduction

Runoft forecasting serves as a critical foundation for water resources allocation, flood control scheduling,
and integrated basin management. Among these, mid- to long-term runoff forecasting holds significant
importance for basin operation decision-making, water supply security, and the formulation of risk response
plans. Influenced by multiple factors such as meteorological drivers, underlying surface conditions, and human
activities, runoff processes typically exhibit pronounced nonlinearity, non-stationarity, and time-varying
characteristics, which increase the complexity of predictive modeling.
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Therefore, improving the accuracy of mid- to long-term runoff forecasting under complex conditions has
become an important research issue in the field of hydrology and water resources [1-2].

Regarding runoff forecasting, domestic and international research has followed a developmental path from
traditional statistical models and machine learning models to deep learning models [2-3]. Traditional statistical
models and shallow machine learning models have certain application foundations in runoff forecasting, but
their ability to characterize complex nonlinear hydrological processes is limited. Although traditional machine
learning methods such as Random Forest (RF) and Support Vector Regression (SVR) can improve prediction
accuracy to some extent, they usually rely on manual feature engineering and struggle to adequately capture
the long-term temporal dependencies and dynamic cumulative effects in runoff evolution. Shallow models
such as Back Propagation Neural Networks also tend to be limited by insufficient feature representation
capability when addressing mid- to long-term runoff problems [3-6]. In contrast, Long Short-Term Memory
(LSTM) networks and related deep learning models demonstrate stronger advantages in time series modeling
and have been widely applied in runoff forecasting research [7-9].

Although existing studies have made some progress in improving runoff prediction accuracy, most methods
still primarily focus on mining temporal sequence features while paying insufficient attention to spatial
dependency relationships in complex river-network basins, such as upstream—downstream transmission,
tributary inflows, and multi-station coordinated responses [ 1-2]. For basin systems like the Huaihe River Basin,
which feature dense river networks and significant spatial connectivity, modeling based solely on single
stations or purely temporal dimensions makes it difficult to fully reflect the spatiotemporal interaction
characteristics during runoff evolution. In recent years, Graph Neural Networks (GNN) have provided new
approaches for modeling the spatial topological relationships of basins. Combining them with Long Short-
Term Memory networks is expected to more comprehensively characterize both the temporal dependency
features and spatial propagation features of runoff changes in complex river-network basins, thereby enhancing
mid- to long-term runoff forecasting capability [10-13].

Based on the above considerations, this paper takes the Huaihe River Basin as the study area and constructs
a spatiotemporal joint runoff forecasting model that integrates LSTM and GNN. By incorporating basin spatial
connectivity information, the model jointly extracts temporal dependency features and spatial propagation
features in the runoff evolution process. The proposed model is compared with LSTM, K-nearest neighbor,
support vector regression, decision tree, and AdaBoost models [14-17] to evaluate its applicability and
accuracy advantages in mid- to long-term runoff forecasting, with the aim of providing new modeling ideas
for runoff prediction in complex river-network basins.

2. Study Area and Data Preprocessing

2.1 Overview of the Study Area

The Huaihe River Basin is located in the north-south transitional zone of eastern China and serves as a key
region for water resources allocation and flood control scheduling (Figure 1). Affected by the monsoon climate,
precipitation within the basin is unevenly distributed throughout the year, with concentrated inflow during the
flood season and pronounced fluctuations in the runoff process. According to multi-station daily-scale data
from 2011 to 2020, the multi-year average temperature in the study area ranges from 15.6 to 15.8 °C, and the
multi-year average annual precipitation ranges from 919 to 981 mm, of which precipitation from June to
September accounts for 58%—65% of the annual total. The maximum daily precipitation can reach 92.4—112.03
mm, and the maximum daily discharge at representative hydrological stations can reach 7340.0 m*/s, indicating
significant runoff fluctuations under extreme weather conditions. Meanwhile, the Huaihe River Basin has
numerous tributaries and a dense river network, with close hydrological connections between upstream and
downstream areas. Runoff changes are simultaneously influenced by local meteorological conditions,
upstream inflow transmission, and tributary confluence processes, exhibiting typical spatiotemporal evolution
characteristics of a complex river-network basin. Therefore, selecting this basin for mid- to long-term runoff
forecasting research is highly representative and practically necessary.
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Figure 1: Distribution map of meteorological and hydrological stations in the Huaihe River Basin
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2.2 Data Sources and Dataset Construction
2.2.1 Data Sources

The raw data used in this study include meteorological and hydrological data, covering the period from
2011 to 2020 at a daily scale, for a total of 3653 days. Meteorological data were obtained from observations at
multiple meteorological stations within the basin, with main variables including sunshine duration, average
temperature, daily maximum temperature, daily minimum temperature, relative humidity, average wind speed,
and precipitation. Hydrological data were derived from observations at major hydrological stations in the basin,
with the indicator being daily runoff discharge.

To facilitate regional-scale analysis, the study area was divided into three regions—upstream, midstream,
and downstream—based on the spatial distribution of stations and basin sectional characteristics, and
corresponding datasets were constructed. The specific grouping is as follows: For the upstream region,
meteorological data from Xinyang and Fuyang stations were selected and matched with runoff data from
Fengshan station. For the midstream region, meteorological data from Bengbu and Fuyang stations were
selected and matched with runoff data from Bengbu station. For the downstream region, meteorological data
from Bengbu, Suzhou, and Xuyi stations were selected and matched with runoff data from Erhezha station.
This grouping method takes into account both basin sectional division and data availability, and can better
characterize the meteorological-runoff response relationships in different river reaches.

2.2.2 Data Cleaning and Preprocessing

To ensure the integrity and reliability of the modeling data, the raw meteorological and hydrological data
were cleaned and preprocessed [1, 14]. For meteorological data, the time format was first unified and arranged
in ascending chronological order. Outliers were then handled using a quantile-based method: values below the
1% quantile and above the 99% quantile were regarded as outliers and corrected using linear interpolation to
reduce noise interference while preserving the characteristics of extreme hydrometeorological events as much
as possible. For hydrological data, missing values in the runoff discharge series were primarily addressed.

3
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After unifying the time format and sorting, linear interpolation was applied to fill missing discharge values,
forming a cleaned hydrological station dataset. This approach maintains temporal continuity while mitigating
the impact of missing data on prediction results.

2.2.3 Construction of Regional Datasets

After completing data cleaning for meteorological and hydrological stations, an overall dataset covering
the upstream, midstream, and downstream areas of the Huaihe River Basin was constructed. The dataset
contains 9 variables and 3653 daily-scale samples, with complete temporal coverage and a unified structure,
making it suitable for subsequent statistical analysis, correlation analysis, and prediction model construction.

As shown in Table 1, the main meteorological variables in the Huaihe River Basin are generally stable,
with a mean temperature of 15.7 °C and a mean precipitation of 2.6 mm. In contrast, the mean runoff discharge
is 379.8 m?/s, with a standard deviation of 716.0 m?/s, indicating more significant fluctuations. This suggests
that the runoff process has greater complexity and uncertainty. These findings demonstrate objective
differences in inflow conditions and hydrological response characteristics across different river reaches, further
validating the necessity of partitioned modeling and regional comparative analysis.

Table 1: Statistical table of meteorological and hydrological characteristics in the Huaihe River Basin

Feature Unit Mean Standard Deviation | Minimum Median Maximum
Sunshine duration h 5.0 3.8 0.0 5.3 12.6
Temperature °C 15.7 9.5 -8.1 17.0 33.7
Humidity % 71.2 14.2 18.0 72.5 99.5
Wind speed m/s 2.2 0.9 0.4 2.1 7.2
Precipitation mm 2.6 8.2 0.0 0.0 112.0
Evaporation mm 2.7 1.5 0.4 2.5 7.2
Runoff discharge m/s 379.8 716.0 -65.6 190.0 7340.0

2.2.4 Dataset Division and Standardization

Given the strong temporal correlation of runoff time series, samples were not randomly divided to ensure
the prediction process aligns with real-world application scenarios. Instead, they were divided chronologically,
with the first 70% of samples used as the training set and the remaining 30% as the test set [1, 14]. For models
sensitive to data scale, the Z-score standardization method was applied to both input features and the target
variable, converting the data to a standardized form with a mean of 0 and a standard deviation of 1 using the
sample mean and standard deviation. For models insensitive to feature magnitude, the original data were used
for modeling and comparison [14].

2.3 Model Evaluation Metrics

To quantitatively evaluate the fitting performance and prediction accuracy of different models on the runoff
process, this study selected Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and Coefficient
of Determination (R?) as model evaluation indicators [1, 16-17]. These indicators have been widely used in
runoff forecasting and hydrological time series simulation research. Among them, RMSE and MAE reflect the
magnitude of deviation between predicted and observed values; smaller values indicate better model prediction
performance. R? is used to measure the model’s ability to explain the variation characteristics of the observed
series; values closer to 1 indicate better model fitting [1, 16-17].

Let the observed runoff value be y,, the predicted runoff value be ¥, the number of samples be n, and the
mean of the observed values be y. The calculation formulas for each evaluation indicator are as follows:

s XL ()
)
Zi:l (yi y)

(M

2

3)



https://www.zeuspress.org/

zeuspress.org ; Environment, Social and Governance; Vol.3, No.3 2026

By integrating the above indicators, the predictive performance of different models can be compared from
the perspectives of error level and fitting degree.

3. Construction of the Spatiotemporal Graph Neural Network Runoff Forecasting Model

To fully characterize the temporal dependency features and spatial connectivity features in the runoff
evolution process of the Huaihe River Basin, this study constructs a spatiotemporal joint forecasting model
that integrates Long Short-Term Memory (LSTM) and Graph Neural Network (GNN) [9-13]. The model is
based on a multi-station meteorological-runoff joint dataset and the basin graph structure. It extracts dynamic
features from historical sequences in the temporal dimension and learns propagation relationships between
upstream and downstream nodes in the spatial dimension, thereby achieving joint modeling of mid- to long-
term runoff processes in complex river-network basins (Figure 2).

3.1 Construction of the Basin Graph Structure

To represent the spatial connectivity relationships among different sections of the Huaihe River Basin, a
basin graph structure was constructed based on the regional datasets [10-13]. In this graph structure, river
sections and their corresponding control stations are treated as nodes, and the upstream—downstream
relationships of rivers are abstracted as edges to describe the spatial transmission paths of the runoff process
[10-13]. In accordance with the data organization method used in this study, the upstream, midstream, and
downstream regions are regarded as three primary nodes, corresponding respectively to the control areas of
Fengshan station, Bengbu station, and Erhezha station. Node features are composed of multidimensional
meteorological elements and runoff information from the corresponding region at previous time steps. Based
on the natural flow direction in the river network, directed connections are established from upstream to
midstream and from midstream to downstream. Self-loops are introduced to retain each node’s own
information, thereby forming the basin adjacency matrix.

Figure 2: Architecture diagram of the GNN-LSTM model
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3.2 Temporal Feature Extraction Module

The runoff process is jointly influenced by multiple factors such as antecedent precipitation, temperature,
evaporation, and historical discharge, exhibiting significant temporal correlation and hysteresis. Although
traditional regression models or shallow machine learning methods can characterize some nonlinear
relationships, they are insufficient in capturing cumulative effects and long-term dependency information in
long time series [7-9]. To address this, the Long Short-Term Memory (LSTM) network is introduced in the
temporal dimension to extract features from the input sequences [7-9].

As shown in Figure 3, LSTM realizes selective retention and updating of historical information through the
forget gate, input gate, and output gate. It can retain key temporal information while suppressing irrelevant
disturbances, thereby effectively overcoming the gradient vanishing problem that commonly occurs in
ordinary recurrent neural networks during long-sequence training [8-9]. Let x; be the input vector at time t,
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and h,; and C_; be the hidden state and cell state of the previous time step, respectively. The computation
process of LSTM is as follows:

f=o(W[h,1,x]+bp) @)
i=o(W;[h1,x]+b;) )
C=tanh(W_[hy.;,x]+b.) ©)
C=fOC+H,OC, ™
0=6(W,[h.1,x]+b,) (®)
h=0,0 tanh ( C,) ©)

where fi, i, and o, represent the forget gate, input gate, and output gate, respectively; o denotes the Sigmoid
activation function; and © represents the Hadamard product. Through its gating mechanism, LSTM retains
historical information useful for current prediction while suppressing irrelevant disturbances, enabling it to
effectively capture the long-term temporal dependencies among precipitation, temperature, evaporation, and
runoff [8-9].

Figure 3: Structure diagram of the Long Short-Term Memory network model
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3.3 Spatial Feature Extraction Module

After constructing the basin graph structure, Graph Neural Network (GNN) is introduced in the spatial
dimension for feature extraction [10-13]. Let the basin graph structure be G=(V,E,A), where V is the set of
nodes, E is the set of edges, and A is the adjacency matrix. To retain node self-information, self-loops are
added to the adjacency matrix:

A=A+I (10)

The corresponding degree matrix is:

Di= ) Aj (11)

1 1
H=¢ <13'5K13'§H(DW<”> (12)

where HY and H*D are the node representations at the 1-th and (I+1)-th layers, respectively, and w® is
the trainable weight matrix. This process propagates neighborhood information across the graph structure,
allowing the model to capture not only the historical variation patterns at individual stations but also the spatial
influences brought by upstream inflow, tributary confluence, and coordinated responses from adjacent regions.
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3.4 Model Hyperparameter Settings

To ensure model stability and predictive performance, hyperparameters of the constructed spatiotemporal
model were set and optimized. The main hyperparameters include the number of graph convolution layers,
hidden layer dimension, time step length, learning rate, and number of training epochs. In the spatial modeling
component, the number of graph convolutional network layers is set to 2 to balance feature representation
capability and overfitting risk; the hidden layer dimension is set to 64 to extract basin spatial correlation
features. In the temporal modeling component, the number of LSTM layers is set to 1-2, with 64 hidden units,
to capture the temporal dependencies in the runoff sequence. The time window length is set to 7 days to
characterize short-term hydrological response processes. During model training, the Adam optimizer is used
for parameter updating, with an initial learning rate of 0.001 that is dynamically adjusted according to
validation set performance. The batch size is set to 32, the number of training epochs is set to 100, and an early
stopping strategy is introduced to prevent overfitting.

3.5 Settings of Comparison Models

To verify the effectiveness of the proposed GNN-LSTM model, LSTM, K-nearest neighbor, support vector
regression, decision tree, and AdaBoost models are selected as baseline models for comparative analysis [3-6,
15-17]. Among them, LSTM is primarily used to characterize time series modeling capability, while K-nearest
neighbor, support vector regression, decision tree, and AdaBoost represent different types of machine learning
methods [3-6, 15-17]. By comparing with the above models, the applicability and accuracy advantages of
GNN-LSTM in mid- to long-term runoff forecasting for complex river-network basins can be further evaluated.

In the comparative experiments, all models use the same input variables, identical training set and test set
division methods, and a unified evaluation indicator system to ensure fairness and consistency in result
comparison [1, 16-17]. The predictive performance of different models is analyzed by comparing their results
on RMSE, MAE, and R?, thereby assessing the accuracy advantages and applicability in mid- to long-term
runoff forecasting for complex river-network basins.

4. Results and Discussion

4.1 Correlation Analysis Between Meteorological Variables and Runoff

To identify the statistical relationships between meteorological elements and runoff in the Huaihe River
Basin, a correlation analysis was conducted based on the overall basin data, with results shown in Figure 4.
Overall, temperature-related variables exhibited strong correlations with each other; air temperature showed
significant positive correlations with both maximum and minimum temperatures. Evaporation also had a high
correlation with temperature-related variables (r=0.72—0.83). Sunshine duration and humidity displayed a clear
negative correlation (=—0.56). In comparison, wind speed showed generally weaker correlations with other
variables.

Regarding the relationship between runoff and various meteorological factors, the linear correlations
between each variable and runoff were generally weak, showing only a certain degree of weak or low
correlation. This indicates that runoff variation is not directly controlled by a single meteorological factor but
is jointly influenced by multiple factors and possesses a certain degree of complexity. Considering the high
correlation between evaporation and temperature-related variables, as well as its relatively weak correlation
with runoff, evaporation was excluded from the final input variables. Ultimately, variables such as temperature,
precipitation, lagged precipitation terms, and lagged runoff terms were selected for model construction.


https://www.zeuspress.org/

zeuspress.org ; Environment, Social and Governance; Vol.3, No.3 2026

Figure 4: Heatmap of correlation analysis of meteorological and hydrological factors in the Huaihe River Basin
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4.2 Comparison of Prediction Accuracy Among Different Models

To compare the performance differences of various models in runoff forecasting for the Huaihe River Basin,
this study adopted a unified data division method and evaluation indicator system to analyze the GNN-LSTM,
LSTM, K-nearest neighbor, support vector regression, decision tree, and AdaBoost models. The results are
presented in Tables 2—4. Overall, the GNN-LSTM model achieved the highest coefficient of determination
(R?) on the test sets across all three regions, reaching 0.915, 0.952, and 0.878 for the upstream, midstream, and
downstream regions, respectively. This demonstrates that the model has a strong advantage in fitting the overall
variation trend of the runoff process. In addition, Figure 5 shows that both the training loss and validation loss
of the GNN-LSTM model decreased steadily and gradually stabilized during training, indicating good
convergence and training stability.

Figure 5: Variation curves of the training loss function for the GNN-LSTM model
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From the comprehensive results on the overall basin test set, the GNN-LSTM model achieved average R?,
MAE, and RMSE values of 0.915, 30.019, and 50.243, respectively. Compared with the other models, its
average R? improved by 3.62%—-24.49%, the average MAE decreased by 3.62%42.74%, and the average
RMSE was also superior to most comparison models. These results indicate that the model exhibits good
comprehensive performance in overall trend fitting and error control. In summary, the LSTM and K-nearest
neighbor models produced relatively stable prediction results, though their overall accuracy remained slightly
lower than that of GNN-LSTM. Support vector regression and AdaBoost showed relatively weaker
performance on the test sets across regions. Although the decision tree model fitted the training set well, its
test set metrics declined noticeably, reflecting a certain tendency toward overfitting. Overall, the GNN-LSTM
model demonstrates good applicability in mid- to long-term runoff forecasting for the Huaihe River Basin.
This suggests that combining temporal feature extraction with spatial topology modeling helps improve the
accuracy of runoff prediction in complex river-network basins.

Table 2: Performance comparison of models in the upstream region during training and testing periods

Model Training Set Test Set

R? MAE RMSE R? MAE RMSE
GNN-LSTM 0.985 15.321 28.654 0.915 13.842 22.104
LSTM 0.978 8.545 11.923 0.911 15.205 22.621
K-nearest neighbor 0.983 13.336 25.931 0.913 14.152 22.297
Support vector regression 0.972 21.536 51.499 0.78 24.031 35.459
Decision tree 0.989 7.436 10.827 0.866 16.662 27.661
AdaBoost 0.982 28.017 40.918 0.764 28.517 36.795

Table 3: Performance comparison of models in the midstream region during training and testing periods

Model Training Set Test Set

R? MAE RMSE R? MAE RMSE
GNN-LSTM 0.962 85.214 70.338 0.952 38.563 65.742
LSTM 0.96 24.609 35.525 0.871 39.181 60.778
K-nearest neighbor 0.963 37.148 67.299 0.853 42.585 64.89
Support vector regression 0.923 42.132 97.307 0.835 44.991 68.731
Decision tree 0.988 25.287 39.019 0.805 48.217 74.802
AdaBoost 0.928 71.662 94.09 0.74 61.802 86.356

Table 4: Performance comparison of models in the downstream region during training and testing periods

Model Training Set Test Set

R? MAE RMSE R? MAE RMSE
GNN-LSTM 0.935 48.215 82.441 0.878 37.652 62.883
LSTM 0.939 24.979 36.743 0.868 39.057 61.55
K-nearest neighbor 0.964 36.659 67.057 0.854 41.461 64.619
Support vector regression 0.923 43.422 97.579 0.853 39.729 64.992
Decision tree 0.986 27.275 41.821 0.812 46.609 73.329
AdaBoost 0.915 79.501 102.455 0.701 66.962 92.576

4.3 Mid- to Long-Term Runoff Forecasting Based on the GNN-LSTM Model

To further verify the applicability and accuracy advantages of the GNN-LSTM model in mid- to long-term
runoff forecasting for the Huaihe River Basin, Fengshan station, Bengbu station, and Erhezha station were
selected as representative stations, and prediction analysis was performed on the runoff process during the test
period. The results show that the predicted values and observed values maintained good consistency in overall
variation trend and could accurately reflect the phased fluctuation characteristics of the runoff process in
different sections. This indicates that the constructed model has good applicability to the runoff evolution
process in complex river-network basins. The relevant results are shown in Figures 6-8.

From the prediction results at different stations, the predicted curves for Fengshan station, Bengbu station,
and Erhezha station were generally consistent with the observed curves and effectively reflected the phased
fluctuation characteristics of the runoff process. The model demonstrated good responsiveness to major flood
peak processes, accurately capturing the timing and variation trends of peak values. During the dry season, the
predicted values also maintained good consistency with the observed values, indicating strong simulation
capability for low-flow processes as well. Overall, the GNN-LSTM model can effectively extract temporal

9
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dependency features from runoff sequences and, by incorporating basin spatial topological relationships,
enhance its ability to represent the runoff variation process in complex river-network systems.

Figure 6: Rainfall-runoff prediction results at Fengshan station during the test period based on GNN-LSTM
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Figure 7: Rainfall-runoff prediction results at Bengbu station based on GNN-LSTM
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5. Conclusion

Aiming to address the challenge that temporal dependency features and spatial connectivity relationships
in the runoff evolution process under complex river-network conditions in the Huaihe River Basin are difficult
to characterize simultaneously, this study constructed a GNN-LSTM mid- to long-term runoff forecasting
model integrating LSTM and Graph Neural Network, based on multi-station daily meteorological and runoff
data from 2011 to 2020. Through data preprocessing, basin graph structure construction, and multi-model
comparative analysis, the applicability and accuracy of the model for runoff forecasting in complex river-
network basins were examined. The main conclusions are as follows:

(1) Runoff variation in the Huaihe River Basin is jointly influenced by multiple meteorological factors and
underlying surface conditions, exhibiting pronounced nonlinearity and complexity. Correlation analysis shows
that the linear correlation between various meteorological elements and runoff'is generally weak. This indicates
that relying solely on a single factor or purely time-series methods is insufficient to fully characterize the runoff
evolution patterns in complex river-network basins.

(2) Compared with LSTM, K-nearest neighbor, support vector regression, decision tree, and AdaBoost
models, the GNN-LSTM model demonstrates superior comprehensive performance in mid- to long-term
runoff forecasting for the Huaihe River Basin. Test results show that the coefficient of determination on the
three regional test sets reached 0.915, 0.952, and 0.878, respectively. The model exhibits stronger fitting
capability for the overall runoff variation trend, indicating that the introduction of temporal feature extraction
and spatial topology modeling helps improve the accuracy of runoff prediction in complex river-network
basins.

(3) From the prediction results at typical stations, the predicted values of the GNN-LSTM model are
generally consistent with the observed values. The model not only reflects the phased fluctuation
characteristics of the runoff process well but also demonstrates good simulation performance for the timing of
flood peaks, trends in peak value changes, and low-flow processes during the dry season. This indicates that
the model can effectively capture the spatiotemporal variation characteristics of runoff processes in complex
river-network basins and possesses certain engineering application potential.

(4) The model constructed in this study provides a new modeling approach for mid- to long-term runoff
forecasting in complex river-network basins, but there remains room for further optimization. Future research
can incorporate more hydrometeorological influencing factors, more refined river network topological
structures, and longer time-scale data to further improve the model’s ability to characterize extreme
hydrological events and regional differences in runoff response, thereby enhancing the model’s generalization
capability and practical application value.
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Abstract

Against the backdrop of intensifying global climate change and the continued advancement of China’s Carbon
Peaking and Carbon Neutrality Goals, green finance and the low-carbon economy have become two core
systems driving green economic transformation and high-quality development. Taking 16 provinces in eastern
and central China as the research objects, this paper focuses on the interactive relationship between green
finance and the low-carbon economy, constructs a comprehensive evaluation framework, and employs the
entropy method and the coupling coordination degree model to analyze the development levels and synergistic
status of the two systems in the sample regions from 2010 to 2022. The results show that: (1) the coupling
coordination degree between green finance and the low-carbon economy generally exhibits an evolutionary
pattern characterized by continuous improvement with slight local fluctuations, and the overall level in 2022
is significantly higher than that in 2010; (2) from a temporal perspective, the coupled and coordinated
development of green finance and the low-carbon economy has roughly undergone three stages, namely the
initial cultivation stage, the steady growth stage, and the rapid advancement stage, among which the
improvement after 2020 is the most significant; (3) from a spatial perspective, Zhejiang, Tianjin, and Beijing
are at relatively high levels, whereas Henan exhibits characteristics of relative stagnation in the low-carbon
economy, rapid growth in green finance, but a mismatch between the two systems. Based on the findings, this
paper proposes promoting green finance innovation by category, optimizing the layout of low-carbon
industries, and strengthening regional policy coordination, so as to provide support for achieving the Dual
Carbon Goals.

Keywords

green finance, low-carbon economy, coupling coordination degree, regional comparison, dual carbon goals

1. Introduction

Global warming is profoundly reshaping the modes of production and daily life in human society. The
resulting extreme weather events, such as floods, droughts, heatwaves, and wildfires, have not only caused
substantial economic losses but also posed long-term threats to ecological security and human well-being [1].
As a key factor contributing to global warming, carbon emissions have become a central governance target in
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the process of green transformation worldwide [2, 3]. As a responsible major country, China officially
proposed in 2020 the Carbon Peaking and Carbon Neutrality Goals of peaking carbon emissions by 2030 and
achieving carbon neutrality by 2060. Under this strategic background, green finance and the low-carbon
economy have gradually become important instruments for promoting China’s green transformation, high-
quality development, and Chinese modernization. From a practical perspective, significant differences exist
across regions in China in terms of resource endowments, levels of economic development, industrial
structures, infrastructure conditions, and carbon emission characteristics. Benefiting from locational
advantages, a strong foundation for industrial upgrading, and technological innovation capacity, the eastern
region has long maintained a leading position in the development of green finance and the low-carbon economy.
In contrast, the central region, relying on its energy resources and industrial transfer advantages, has
accelerated green transformation under the impetus of the Dual Carbon Goals and has become an important
hub connecting eastern and western China [4]. For this reason, examining the coupled and coordinated
development of green finance and the low-carbon economy from a comparative perspective between eastern
and central China is not only of strong practical significance but also of important policy value.

Therefore, taking 16 provinces in eastern and central China as the research objects, this paper systematically
analyzes the overall trends, stage-specific characteristics, and regional echelon patterns of the coupled and
coordinated development of green finance and the low-carbon economy based on a review of existing studies,
and puts forward corresponding policy recommendations, with a view to providing references for optimizing
green transformation pathways in different regions.

2. Literature Review

2.1 Research on the Measurement of Green Finance

Existing domestic studies generally adopt comprehensive evaluation systems to construct measurement
indicators for green finance from dimensions such as scale, structure, and efficiency, with a focus on core
financial instruments including green credit and green bonds, while gradually introducing a spatial analysis
perspective to reveal regional differences [6, 7]. Existing studies show that the development level of green
finance in China has generally exhibited an upward trend. The eastern region has improved rapidly, while the
central region has also achieved steady development in the context of industrial transformation. The central
and western regions as a whole demonstrate fluctuating growth, with regional disparities gradually narrowing.
Foreign studies, by contrast, tend to place greater emphasis on cross-country comparative analyses under
international standard frameworks, using ESG ratings and the issuance scale of green financial instruments as
key measures [8, 9], which provides a reference for the continuous optimization of China’s green finance
measurement system.

2.2 Research on the Measurement of Low-Carbon Economy

Regarding the measurement of the low-carbon economy, existing studies have developed an analytical
approach combining “single indicators and composite indices” [10]. Single-indicator studies usually focus on
carbon emission intensity and carbon productivity, whereas comprehensive evaluation studies integrate
multidimensional factors such as economic growth, industrial structure, technological innovation, and the
ecological environment, and widely employ methods such as the entropy method and TOPSIS for estimation.
From a practical perspective, the eastern region has achieved relatively outstanding progress in low-carbon
economic development. The central region, relying on its industrial foundation and resource conditions, has
accelerated low-carbon development under the guidance of the Dual Carbon Goals. However, due to the
incomplete adjustment of industrial structure, a certain gap remains between its low-carbon economic
efficiency and that of the eastern region.

2.3 Research on the Relationship Between Green Finance and Low-Carbon Economy

Existing studies generally suggest [11, 12] that green finance has a significant promoting effect on the low-
carbon economy and can facilitate emission reduction and efficiency improvement through mechanisms such
as capital allocation, incentives for technological innovation, and industrial structure optimization. The eastern
region has accumulated substantial experience in cross-border coordination in green finance, targeted
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allocation of green credit, and financing support for low-carbon projects. Although the green finance system
in the central region has been gradually improving, its driving effect has not yet been fully released due to
constraints such as the concentration of financial resources, policy coordination, and industrial transfer
capacity. Some studies also point out that in regions with underdeveloped financial systems and greater
pressure for industrial transformation, the positive effect of green finance on the low-carbon economy may
exhibit a certain time lag.

2.4 Literature Review and Commentary

Overall, existing studies have gradually expanded from the single measurement of green finance or the low-
carbon economy to analyses of their relationship and interaction effects. Research methods have become
increasingly mature, providing a solid foundation for this study. Meanwhile, several shortcomings remain in
the existing literature. First, the measurement of green finance does not comprehensively cover instruments
such as green insurance and green funds. Second, detailed studies on differences between eastern and central
China remain relatively weak, particularly lacking comparative analyses that integrate resource endowments,
industrial structure, and financial development capacity. Based on these gaps, this paper attempts to further
investigate the coupled and coordinated development of green finance and the low-carbon economy from the
comparative perspective of 16 provinces in eastern and central China.

3. Research Design

3.1 Research Objects and Sample Scope

This study selects 16 provinces, namely Zhejiang, Tianjin, Beijing, Jiangsu, Shandong, Hubei, Hunan,
Hainan, Guangdong, Shaanxi, Fujian, Anhui, Shanghai, Hebei, Jiangxi, and Henan, as research samples, with
the study period spanning from 2010 to 2022.

3.2 Construction of the Indicator System

This study defines green finance and the low-carbon economy as two relatively independent yet interrelated
subsystems. A comprehensive indicator system for the green finance subsystem can be constructed from
dimensions such as financial scale, financial structure, and financial efficiency. The low-carbon economy
subsystem can be measured from dimensions including the quality of economic development, industrial
structure optimization, technological innovation capability, energy utilization efficiency, and ecological-
environmental constraints.

3.3 Entropy Weight Method

The entropy weight method is an objective weighting approach that assigns weights to indicators according
to the magnitude of their information entropy. Based on the concept of information entropy, it measures the
amount of information contained in each indicator by calculating its entropy value and then derives the
corresponding indicator weights. This study adopts the entropy weight method, an objective weighting method,
to determine indicator weights and further measure the levels of green finance and the low-carbon economy.

To eliminate the influence of different indicator dimensions, the range normalization method is used to
process the raw data:
X, _ Xij—l’l’lin(Xj)
Y ™ max(x;)-min (X;)

(1
where X';j denotes the standardized value of indicator j for province i, Xj; denotes the original value, and
max(X;)and min(X;) represent the maximum and minimum values of indicator j, respectively.

First, the proportion of province i under indicator j is calculated as:

Xi’j
b = ST )

i=1%ij

Then, the information entropy of indicator j is calculated as:
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Further, the weight of indicator j is calculated as:
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where n is the total number of provinces, m is the total number of indicators, and wj denotes the entropy
weight of indicator j, satisfying Zjnél wj = 1.

Finally, the composite index is calculated as:
Y =30, w xXj )

where Y is the composite index, wj is the entropy weight of indicator j, and n is the total number of
indicators. Its value ranges from [0,1], with a larger value indicating a higher development level.

3.4 Coupling Coordination Degree Model

The measurement of coupling coordination degree includes three levels: coupling degree, coordination
degree, and coupling coordination degree. The coupling degree reflects the interaction intensity between the

two systems:
DEXGLC
€=2% |prraior ©)

where C denotes the coupling degree, ranging from [0,1]. A larger value of C indicates a stronger interaction
between the two systems.

The coordination degree reflects the synchronicity of development between the two systems:
T=aXxDE+  xGLC @)

where T is the coordinated development index, and a and p are weights to be determined. Considering the
equal importance of the two systems, this study sets o==0.5.

The coupling coordination degree comprehensively reflects the synergistic development level of the two
systems:

D=+CxT ®)

where D denotes the coupling coordination degree, ranging from [0,1]. A larger value of D indicates a
higher level of coupled and coordinated development between the two systems.

4. Analysis of Empirical Results

4.1 Evolutionary Characteristics of the Green Finance and Low-Carbon Economy Systems

From the overall trend, during the study period, the coupling coordination degree between green finance
and the low-carbon economy in all provinces exhibited the core characteristic of “continuous and steady
improvement with slight local fluctuations,” and the overall level in 2022 was generally significantly higher
than that in 2010. This indicates that with the continuous deepening of the green development concept, the
connection between the two systems of green finance and the low-carbon economy has become increasingly
close, gradually moving from a relatively disconnected initial state toward a development trajectory
characterized by mutual support and coordinated advancement. Due to space limitations, the main text presents
the system evolution trends for eight provinces.

The development of the low-carbon economy and green finance across provinces exhibits differentiated
characteristics while sharing overall commonalities. In most provinces, including Anhui, Beijing, Fujian,
Guangdong, Hainan, Hebei, Hubei, Jiangsu, Jiangxi, Shandong, Shanghai, Shaanxi, Zhejiang, and Tianjin, the
low-carbon economy generally shows a sustained upward trend, with only slight declines in a few individual
years. Green finance also demonstrates overall steady growth with minor local fluctuations. Both systems have
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risen from relatively low levels at the beginning of the study period to higher levels at the end, with a significant
improvement in coordination, generally reflecting a development pattern of “overall improvement plus local
fluctuations.” Only Hunan and Tianjin exhibit the characteristic of “overall improvement plus differentiated
local fluctuations.” Specifically, green finance in Hunan was slightly lower at the end of the period than at the
beginning, while green finance in Tianjin experienced slight growth followed by stabilization. Henan is the
only province showing a distinct pattern. Its low-carbon economy remained basically stable with minor
fluctuations during 2010-2022, without obvious increases or declines, whereas green finance continued to rise
significantly. The development pace of the two systems was clearly differentiated, and the overall coordination
level exhibited a characteristic of “fluctuating divergence,” failing to achieve synchronized improvement.

Figure 1: Development Indices of the Low-Carbon Economy and Green Finance Across Provinces
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4.2 Analysis of the Stage-Specific Characteristics of Coupling Coordination Degree

From a temporal perspective, the evolution of the coupling coordination degree can be broadly divided into
three stages. The main text presents the changing trends in coupling coordination degree for nine provinces.

The first stage is the initial cultivation stage (2010-2014). During this period, both green finance and the
low-carbon economy were in their nascent stage of development. The policy system had not yet been fully
established, and market participants had limited awareness. The coupling coordination degree in most
provinces remained within the low-level coordination range, indicating a weak development foundation for
the two systems, limited inter-system linkage, and the insufficient manifestation of synergistic effects.
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The second stage is the steady growth stage (2015-2019). With the gradual implementation of green finance
pilot policies and the increasing diffusion of low-carbon transition concepts, provinces began to simultaneously
promote industrial low-carbon transformation and the development of green finance systems. The overall
coupling coordination degree rose to the moderate coordination range. The financial support role of green
finance for the low-carbon economy gradually strengthened, and the synergy between the two systems
improved significantly.

The third stage is the rapid advancement stage (2020-2022). Following the formal proposal of the Dual
Carbon Goals, governments at all levels intensively introduced policies related to green development and low-
carbon transition, while resources such as capital, technology, and human talent accelerated their concentration
in green and low-carbon sectors. In most provinces, the coupling coordination degree exceeded 0.8, entering
a stage of relatively high coordination or even high coordination. Zhejiang and Tianjin, in particular,
approached the level of high-quality coordination, reflecting the significant outcomes generated by the
combined efforts of policy support and market forces.
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5. Conclusions and Policy Recommendations

5.1 Research Conclusions

Based on the estimation results for 16 provinces in eastern and central China from 2010 to 2022, this paper
systematically analyzes the coupled and coordinated development of green finance and the low-carbon
economy. The results show that the coupling coordination degree between green finance and the low-carbon
economy in the sample regions has continuously improved overall. Although local fluctuations exist, the long-
term upward trend is clear, and the two systems are gradually moving from relative disconnection toward
coordinated advancement.

From a temporal perspective, the evolution of coupling coordination in the sample regions has undergone
three stages: the initial cultivation stage, the steady growth stage, and the rapid advancement stage. Among
these, the improvement after 2020 is the most significant, indicating that the Dual Carbon Goals and the
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improvement of the green development policy system have played a decisive role in promoting synergy
between the two systems.

From a spatial perspective, there is a clear echelon differentiation among the sample provinces. Zhejiang
and Tianjin are in leading positions, followed closely by Beijing and Jiangsu. Shandong, Hubei, and
Guangdong fall within the medium-to-high coordination range, whereas Henan remains at a relatively low
level due to industrial structure inertia and system mismatch. This suggests that the coupling coordination
between green finance and the low-carbon economy is not achieved automatically, but is jointly influenced by
differences in regional policies, industrial structures, energy endowments, and financial innovation capabilities.

5.2 Policy Recommendations

First, for regions with high and relatively high levels of coordination, efforts should continue to consolidate
first-mover advantages by further deepening breakthroughs in green financial product innovation, carbon
finance market development, cross-regional capital allocation, and research and development of core low-
carbon technologies, thereby continuously enhancing high-level synergistic capacity and playing a national
demonstration and leading role.

Second, for regions with medium-to-high levels of coordination, efforts should accelerate the low-carbon
and clean transformation of traditional high-energy-consuming industries, strictly control the expansion of
high-energy-consumption and high-emission projects, and vigorously foster green and low-carbon industries
such as new energy, new materials, and high-end manufacturing. In the financial sector, innovative products
such as transition finance and carbon account loans should be enriched to promote the deeper integration of
green finance into the industrial transformation process.

Third, for regions with medium levels of coordination, development should be based on local resource
endowments and industrial foundations, with accelerated industrial structure optimization, strengthened
cultivation of low-carbon industries and project reserves, and active efforts to obtain national policy support
for green development. Meanwhile, foundational systems such as green credit and green bonds should be
improved to guide more financial resources toward low-carbon sectors and promote progress toward a higher
stage of coordination.

Fourth, for regions with low levels of coordination, priority should be given to overcoming industrial
structure inertia and insufficient project absorption capacity. Through formulating specialized low-carbon
transformation plans, strengthening investment promotion, fostering low-carbon industrial clusters, and
improving green finance incentive mechanisms, the chain of “financial support—industrial implementation—
economic transformation” should be opened up, thereby gradually enhancing the systemic synergy between
green finance and the low-carbon economy.
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Abstract

This paper explores the effect of digital carbon management on ESG greenwashing in corporate
sustainability reporting. The paper uses a qualitative single case research design and preliminary textual
analysis based on the text of BYD's 2025 Sustainability Report. The results indicate that digital carbon
management can lessen the risk of greenwashing through increase in data traceability, disclosure specificity,
carbon accounting capability, embedding of governance, and readiness for verification. BYD's iDi Carbon
Chain platform is an example of a pathway to transparency, achieved by organizational carbon management,
product carbon footprint accounting and compliance reporting. However, the analysis also shows that
symbolic sustainability narratives remain central in ESG communication. The paper thus seeks to show that
the anti-greenwashing effect of digitalisation is not self-evident. It is dependent on the embedding of digital
tools in external standards and board-level governance and verification mechanisms.

Keywords

ESG disclosure, greenwashing risk, digital carbon management, sustainability reporting, new energy vehicles

1. Introduction

1.1 Research Background

Environmental, social and governance (ESG) disclosure has emerged as a critical means for companies to
convey their sustainability plans, environmental impact and governance obligations to investors, regulators,
consumers and other stakeholders. Christensen, Hail and Leuz [1] state that sustainability reporting has the
potential to mitigate information asymmetries between a company and outsiders. However, the usefulness of
information reported in sustainability reports depends on the credibility, comparability and decision
usefulness of the information disclosed. The global survey carried out by KPMG [2] also indicates a shift
from voluntary sustainability reporting to a normal part of corporate life. This implies that ESG disclosure
isn't just supposed to be a communication tool, it should be a way for companies to show accountability.

However, the rapid growth of ESG reporting has also intensified concerns about greenwashing. Delmas
and Burbano [3] describe greenwashing as a situation in which firms present a positive environmental image
while their actual environmental performance may not fully support such claims. Lyon and Montgomery [4]
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further conceptualize greenwash as a broad category of potentially misleading environmental communication,
including selective disclosure, vague claims and symbolic language. In this regard, the disclosure of ESG can
have an informational role as well as a role to legitimize the strategy. In Suchman's legitimacy theory [5], the
author also argues that companies can obtain social legitimacy by turning the information they communicate
to the public into socially acceptable information.

This is especially topical when considering the new energy vehicle industry. Many new energy vehicle
companies are seen as inherently linked to environmental transition as their products advance the transition
towards electrification of transport and carbon reduction. But this “green” brand also can lead to increased
stakeholder expectations. For these companies, ESG credibility is not only about the ESG impact of their
products and services, but about how transparent their operations and supply chains are, as well as their
carbon accounting systems and sustainability governance.

1.2 Case Selection and Research Question

BYD provides an interesting use case to explore this relationship. BYD is a leading Chinese new energy
vehicle company with business segments of automobiles, electronics, new energy and rail transit and is
headquartered in Shenzhen. In 2025, more than 4.6 million new energy vehicles were sold, and the
company's 2025 Sustainability Report shows that it has reduced the carbon footprint by an estimated 46.6
million tonnes in comparison with the carbon footprint of traditional fuel vehicles within the scope of the
Sustainability Report; it also indicates that the company has consumed 7.29 billion kWh of clean electricity
and invested RMB 2.04 billion in environmental protection in 2025 [6]. These disclosures form a bedrock to
discuss the connection between substantive ESG evidence and symbolic sustainability communication.

Digital carbon management could be one solution to the greenwashing risk. There are several options
available to companies to enhance the traceability, specificity and verifiability of ESG information through
digital platforms, automated data collection and carbon accounting tools and product carbon footprint
systems. However, going digital doesn't make greenwashing risk go away. Digital tools can likewise
contribute to the development of a more compelling sustainability story from companies, a more complex
visual reporting and more appealing ESG communication. Therefore, digital carbon management may have a
dual effect. It can reduce greenwashing risk by strengthening evidence-based disclosure, but it may also
coexist with symbolic ESG storytelling.

This paper asks how does digital carbon management influence ESG greenwashing risk in corporate
sustainability disclosure? The study does not claim that BYD engages in greenwashing. Instead, it uses BYD
as an exploratory case to understand how digital carbon management may reshape the relationship between
ESG disclosure credibility and greenwashing risk. The central argument is that digital carbon management
reduces greenwashing risk when it is supported by data traceability, external standards, governance
structures and verification mechanisms, while symbolic ESG narratives remain important in corporate
sustainability communication.

2. Literature Review

This section reviews three streams of research that are relevant to the study: ESG disclosure and
greenwashing, digital transformation and ESG disclosure, and reporting standards, governance and
verification. These streams provide the theoretical foundation for the dual-path framework developed in the
next section.

2.1 ESG Disclosure and Greenwashing

ESG disclosure is widely expected to improve transparency between corporations and stakeholders. In
principle, sustainability reports help stakeholders assess firms' environmental and social impacts, governance
systems and long-term risk exposure. However, prior research warns that sustainability reporting may not
always produce substantive accountability. Cho, Laine, Roberts and Rodrigue [7] argue that sustainability
reports can become organizational facades when firms face contradictory institutional expectations and
attempt to manage public impressions. Boiral [8] similarly suggests that some highly rated sustainability
reports may reproduce idealized representations rather than fully reflect organizational realities .
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The distinction between substantive disclosure and symbolic disclosure is central to greenwashing
research. Substantive disclosure provides specific, measurable and verifiable information. Symbolic
disclosure relies more heavily on broad values, narratives and future-oriented commitments. Michelon,
Pilonato and Ricceri [9] argue that CSR reporting practices, including stand-alone reports, assurance and
reporting guidance, do not automatically improve disclosure quality; their effect depends on how firms use
them . Hummel and Schlick [10] further show that the relationship between sustainability performance and
sustainability disclosure is theoretically ambiguous because voluntary disclosure theory and legitimacy
theory imply different reporting incentives .

Greenwashing risk can therefore be considered a disclosure credibility problem. ESG disclosure does not
in itself prove the authenticity of ESG. It's not about whether disclosure is general or whether it's detailed, it's
about whether disclosure is specific, balanced, comparable and verifiable, and whether there are real
governance and performance systems that relate to the disclosure. This paper is an extension of this
perspective and explores the potential of digital carbon management as a means to enhance the credibility of
disclosures.

2.2 Digital Transformation and ESG Disclosure

Digital transformation has the potential to transform the way ESG data is produced and governed. Digital
platforms facilitate the businesses to gather data on the environment from factories, supply chains, product
life cycle processes and energy systems. Burritt and Schaltegger [11] stress that sustainability information is
more significant if linked to tangible information and management decisions. Based on this logic, digital
carbon management can create more value for the management usefulness of ESG disclosure by linking the
environmental claims with measurable operational data.

Digital technologies are also facilitating transparency of supply chains. Bai and Sarkis [12] claim that
technology like blockchain can enhance the transparency and sustainability assessment of the supply chain,
making it more traceable and boosting the confidence of the stakeholders. This paper does not specifically
address blockchain, but the principle is the same: digital systems are better suited to make data more
traceable, auditable and comparable in order to significantly improve the transparency of the situation.
Digital carbon management could thus be a disclosure infrastructure of interest for companies with extensive
manufacturing processes and global value chains.

But digitalization can also lead to a more complex communication situation. The ESG reports are
becoming more and more visual, structured and narrative. The claims of sustainable products can be more
convincing with digital communication, but not necessarily more verifiable. However, the connection
between digital transformation and ESG greenwashing risk should not be taken for granted. The
digitalization can have a positive effect on data quality but can also enhance the symbolic communication.
This tension is the impetus behind the framework of dual-paths in this paper.

2.3 Reporting Standards, Governance and Verification

Reporting standards and governance systems contribute to the credibility of the ESG disclosure.
According to loannou and Serafeim [13] mandatory sustainability reporting can have an impact on the
disclosure practices and orientation to social responsibility of a firm. Global Reporting Initiatives (GRI)
Standards are based on the principles of accuracy, balance, clarity, comparability and verifiability [14]. The
orientation of sustainability disclosures and climate disclosures towards investors is echoed in the ISSB's
IFRS S1 and IFRS S2 [15]. These frameworks facilitate the consistency of ESG reporting in terms of
language and structure.

In the case of carbon related disclosure, verification is especially critical. ISO 14064-1 specifies the
requirements and guidelines for quantifying and reporting GHGs for an organization and ISO 14067
specifies the requirements and guidelines for quantifying the GHGs of a product [16, 17]. Digital carbon
management systems aligned with such standards can enhance the credibility of carbon data by providing
more structure and verifiability. But it's not just standards alone. These should be part of internal governance
systems, external verification processes and meaningful scrutiny by stakeholders.
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3. Conceptual Framework

This section develops a dual-path framework that links digital carbon management to ESG greenwashing
risk. The framework explains why digitalization may both strengthen disclosure accountability and support
symbolic communication.

3.1 A dual-path Perspective

The first one is the transparency-enhancing path. Digital carbon management can mitigate the risk of
greenwashing by enhancing data traceability, specificity of disclosures, carbon accounting capacity and
preparedness for verification. This route is based on using digital tools to assist with accountability as they
enable measurable evidence of environmental claims. The second one is the symbolic-communication path.
Digital ESG communication can contribute to bolstering corporate legitimacy as it renders ESG
communication more coherent, persuasive and visually appealing for stakeholders. As part of this route,
digital instruments can also be used alongside symbolic disclosure if the reporting focuses on visions, values
and commitments rather than on measurable performance.

The question isn't really whether symbolic narratives exist or not, but rather whether there is any evidence
that balances the symbolic narratives. Corporate reporting is mostly symbolic storytelling, as the companies
have to share values, missions and long-term strategies. When symbolic communication is however not
correlated with measurable performance, it can be an additional risk for greenwashing. Thus, the
trustworthiness of digital ESG disclosure hinges on the balance between the intensity of the narrative and the
specificity of the evidence.

Figure 1: Dual-path framework of digital carbon management and ESG greenwashing risk (Author's own illustration)

‘ Digital Carbon Management ’

Verification readiness
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3.2 Propositions

Based on the dual-path framework, this study develops three propositions that guide the textual analysis
of BYD's sustainability disclosure.

Proposition 1: Digital carbon management reduces ESG greenwashing risk by improving the traceability,
specificity and verifiability of environmental disclosure.

Proposition 2: Digitalized ESG communication may increase symbolic greenwashing risk when narrative
intensity exceeds evidence-based disclosure.

Proposition 3: The greenwashing-reducing effect of digital carbon management is stronger when digital
disclosure is supported by external standards, board-level governance and third-party verification.

These propositions are not tested through causal econometric methods in this study. Instead, they provide
a conceptual framework for interpreting preliminary textual evidence from BYD's sustainability disclosure.
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4. Methodology

This section explains the research design, data source, coding scheme and scoring method used to analyze
the case. The study is designed as an exploratory qualitative case study with preliminary textual evidence.

4.1 Research Design and Data Source

The research design of this study is a qualitative single-case research, using preliminary textual analysis. A
single-case design is suitable as the research purpose is exploratory, aimed at gaining an understanding of the
representation of digital carbon management in sustainability disclosure and how it could be associated with
ESG greenwashing risk. BYD is chosen as an information-rich case, as it is a front runner in the new energy
vehicle sector, has high sustainability visibility and provides a specific digital carbon management platform.

The main source of data is BYD's Sustainability Report 2025. The report covers the time frame from st
January 2025 to 31st December 2025. The report is acceptable for textual analysis as it has substantive as
well as symbolic aspects. Substantive elements involve carbon emission information, utilization of clean
electricity, environmental investments, zero carbon industrial parks, green factories, governance structures
and references to ISO related carbon accounting. There are symbolic elements like the visions of 'cooling the
Earth by 1 degree Celsius', three green dreams and the DREAMS sustainability concept. The study is not
intended to provide verification of BYD's environmental performance. Rather, it considers how disclosure
attributes can enhance or diminish greenwashing risk.

4.2 Coding Scheme and Scoring Method

There are five categories for coding the texts. The categories aim to differentiate between disclosure that is
backed by evidence and symbolic sustainability communication. A summary of the coding scheme is provided in
Table 1. The keyword hits listed in Table 3 were created via a text extraction and keyword matching procedure
using Python, to make the keyword-assisted stage replicable. PyMuPDF (fitz) was used to convert the PDF report
to machine-readable text, and category-specific keyword lists were applied to the text. Since the source report is
mainly a Chinese language document, both the English and the Chinese equivalent of the key words were
included. The counts were not used to provide independent statistical evidence, but to inform the identification of
the textual presence of appropriate themes and to inform qualitative coding.

Table 1: Coding scheme for preliminary textual analysis

Code | Category Definition Examples in the BYD case
A Digital carbon Disclosure related to digital carbon platforms, iDi Carbon Chain; automated carbon
management automated accounting, carbon data monitoring data calculation; product carbon
and product carbon footprint systems. footprint accounting.
B Substantive ESG | Quantified or evidence-based ESG information, Clean electricity use; environmental
disclosure including emissions, energy use, investment, investment; Scope 1 and Scope 2
targets and performance indicators. emissions; carbon intensity.
C Standards and References to reporting standards, ISO GRI; ISSB; ESRS; ISO 14064; ISO
verification certification, third-party verification or external 14067; assurance mechanisms.
compliance mechanisms.
D Governance Texts showing ESG governance structures, board | Board responsibility; Strategic and
embedding oversight, committees, internal control or Sustainability Committee; ESG
accountability mechanisms. Management Committee.
E Symbolic ESG Broad sustainability language, vision statements, | Three green dreams; cooling the Earth
narrative legitimacy claims and corporate identity by 1 degree Celsius; DREAMS
narratives. concept.

In addition, the study applies an interpretive disclosure specificity score. The purpose of this score is not
to produce a statistically representative measure, but to provide a transparent way to compare different types
of disclosure. The scoring system is shown in Table 2.

Table 2: Disclosure specificity score
Score | Meaning Greenwashing-risk implication
0 Pure symbolic narrative with no concrete action or data. Higher symbolic ambiguity.

1

Action description exists, but without quantitative evidence.

Some substantive content, but limited
verifiability.
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Score | Meaning Greenwashing-risk implication

2 Quantitative evidence is provided, but external verification or Lower ambiguity, but credibility still
governance linkage is limited. depends on scope and method.

3 Quantitative evidence is supported by standards, certification, Stronger evidence base and lower
verification or governance mechanisms. greenwashing risk.

5. Case Background

This section presents the case background of BYD and explains why its sustainability disclosure provides
a useful setting for analyzing digital carbon management and greenwashing risk.

5.1 BYD and the New Energy Vehicle Industry

BYD describes itself as a technology-driven company committed to green development and innovation.
The company was established in 1994 and now the company is based in Shenzhen. It operates in the
automotive industry, electronics, new energy and rail transportation and is listed both in Hong Kong and in
Shenzhen. The report describes a company which combines electric mobility, renewable energies, storage
and technological solutions within a larger sustainability plan: BYD.

The new energy vehicle industry is closely related to carbon reduction and transportation electrification,
which are key aspects of ESG research. But, when this link occurs it can be dangerous because it gives the
appearance of legitimacy. Automatic labelling of new energy vehicle companies as green, could also make
stakeholders less aware of operational emissions and supply chain risks, battery recycling, resource usage
and manufacturing impacts. Thus, disclosures on sustainability at this sector should not only concern the
environmental value of the products, but also evidence on organizational carbon management and
governance.

5.2 BYD Sustainability Disclosure

BYD's 2025 Sustainability Report emphasizes formal standardization. It states that it has been prepared
based on the Hong Kong Stock Exchange ESG Reporting Code and Shenzhen Stock Exchange sustainability
reporting guidance, and is consistent with ESRS, GRI Standards, ISSB IFRS S1 and IFRS S2, SDGs and ISO
IWA 48:2024. This means that it sits in a number of domestic and international disclosure frameworks.

The report also highlights the reporting principles such as materiality, quantification, balance and
consistency. Furthermore, it also mentions GRI principles including accuracy, balance, clarity, comparability,
completeness and sustainability context, as well as timeliness and verifiability. The principles are also
pertinent to greenwashing risk, as they directly tackle recognised weaknesses of the symbolic disclosure,
such as low verifiability, selective reporting and vagueness.

5.3 iDi Carbon Chain Platform

The iDi Carbon Chain digital carbon management platform is a key component of BYD's sustainability
reporting. The report says that the platform was created to meet the needs of the digital and intelligent
transformation of corporate carbon management. It emphasizes carbon modules of an organization and of
products and facilitates monitoring operational carbon emissions, accounting for product life cycle carbon
footprints, automated calculation of vehicle carbon data, compliance reporting on an international scale, etc. [6].

The report also claims that BYD adopted the iDi Carbon Chain platform to do intelligent data statistics
and calculation on greenhouse gases, and that the platform passed the ISO14064 certification. It also says
that the platform was ISO 14067 certified with regards to accounting the product carbon footprint. These
assertions are important as they take ESG disclosure beyond a generalised sustainability story into a more
data-centric approach to carbon management.

6. Textual Analysis and Preliminary Evidence

This section strengthens the empirical component of the paper by moving beyond a small set of
representative examples. The analysis treats BYD's 2025 Sustainability Report as a structured disclosure text
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and examines it through systematic qualitative coding, keyword-assisted evidence mapping and interpretive
disclosure specificity scoring. The purpose is not to prove whether BYD engages in greenwashing, but to
evaluate how different types of disclosure may reduce or leave residual ESG greenwashing risk. In line with
the conceptual framework, the analysis distinguishes transparency-enhancing evidence from symbolic
sustainability communication.

6.1 Coding Procedure and Keyword-assisted Screening

The textual analysis is based on a three-step qualitative procedure that is assisted by Python. First, the
PDF version of BYD's 2025 Sustainability Report was converted into machine-readable text by using
PyMuPDF (fitz). Second, Python keyword matching was used with five category-specific keyword lists to
the extracted text. The categories have been listed according to the coding scheme: Digital carbon
management; substantive environmental metrics; standards and verification; governance embedding; and
symbolic sustainability narratives. Third, the textual segments located were qualitatively interpreted and
scored using the disclosure specificity scale (0 — 3). The higher the score, the more evidence, stronger
connections to standards or verification, and stronger governance support are found in the disclosure.

The number of keywords is employed as a screening tool and not as a statistical test. The list of keywords
was tightened as this would otherwise overcount very broad terms like data, platform or sustainability, as general
reference. Some terms are common in more than one section and translation equivalents may be found in a
variety of forms; the count should be considered as suggestive of the visibility of a theme, rather than as a precise
measure of the quality of disclosure. The use of Python in screening, however, enhances the transparency of the

text analysis process as the evidence selection procedure becomes more explicit and replicable.

Table 3: Keyword-assisted textual screening of BYD's 2025 Sustainability Report

Analytical Main keywords used for screening Keyword | Interpretation
category hits
Digital carbon iDi Carbon Chain; digital carbon 123 The stricter Python screening shows that
management management; intelligent carbon digital carbon management is a visible but
management; automated carbon focused theme, supporting the analysis of
calculation; product carbon footprint; carbon data infrastructure rather than broad
organizational carbon management digital rhetoric.
Substantive carbon emission; carbon reduction; 275 Environmental metrics are strongly
environmental clean electricity; green electricity; represented, suggesting that the report
metrics environmental investment; zero-carbon contains measurable disclosure rather than
park; green factory; Scope 1; Scope 2; only general sustainability claims.
carbon neutrality
Standards and ISO 14064; ISO 14067; GRI; ISSB; 416 Verification- and standards-related
verification ESRS; TCFD; third party; assurance; language is highly visible, supporting the
certification; verification argument that formal standards are central
to disclosure credibility.
Governance board; Strategic and Sustainability 390 Governance-related language is prominent,
embedding Committee; ESG Management indicating that ESG disclosure is repeatedly
Committee; risk management; internal connected with oversight, accountability
control; performance assessment; and incentive mechanisms.
remuneration; training
Symbolic green dreams; cooling the Earth by 1 414 Symbolic and legitimacy-oriented
sustainability degree Celsius; DREAMS; vision; narratives remain highly prominent,
narratives mission; responsibility; shared value; supporting the symbolic-communication
green innovation path in the conceptual framework.

Note. Keyword hits were generated through a Python-based keyword-assisted textual screening procedure using the

extracted text of BYD's Chinese-language 2025 Sustainability Report. The keyword list included both English terms and
Chinese equivalents, but the table reports English labels only. The counts are used only to guide qualitative coding and
should not be interpreted as independent statistical evidence.

6.2 Evidence of Transparency-enhancing Disclosure

BYD's iDi Carbon Chain platform is the best proof of the transparency-enhancing route. The report
describes the platform as a digital carbon management infrastructure and not a communications platform. It's
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said to enable organizational carbon management and product carbon modules, operational carbon emission
monitoring, product life cycle carbon footprint accounting, automated vehicle carbon data calculation and
international compliance reporting.

There are two reasons why this evidence is significant. First, it takes digitalization and makes it carbon
accounting capable. The platform is not only used to present ESG information, but also to collect, calculate
and manage carbon-related data. Secondly the platform is connected to the external standards. The report
mentions a platform that is certified to ISO 14064 and ISO 14067 for better readiness in verification. Thus,
iDi Carbon Chain platform evidence is that digital carbon management can help mitigate the risk of
greenwashing through enhanced traceability and verifiability.

But this conclusion should be noted with caution. The fact that there is a digital platform does not mean
that all environmental claims are fully verified. Instead, it indicates that BYD is building a disclosure
infrastructure that is capable of more evidence-based ESG disclosure.

Detailed textual evidence and disclosure specificity scores are provided in Appendix A to support the
interpretation of the transparency-enhancing and symbolic-communication paths.

6.3 Quantified Environmental Disclosure and Specificity

BYD's report contains multiple quantified environmental indicators. These include clean electricity use,
environmental protection investment, carbon emissions, carbon intensity, green factories, zero-carbon parks
and carbon reduction estimates [6]. These quantified indicators improve disclosure specificity because they
allow stakeholders to evaluate ESG claims through measurable information. Compared with broad
statements such as a general commitment to green development, quantified indicators reduce ambiguity and
make the disclosure more comparable over time.

Nevertheless, quantified disclosure does not automatically eliminate greenwashing risk. Numbers can
create a perception of objectivity, but their credibility still depends on reporting boundaries, calculation
assumptions, data sources and verification mechanisms. For example, carbon reduction estimates depend on
comparison baselines and usage assumptions. Therefore, the textual evidence suggests a reduction in
symbolic ambiguity, but not the complete removal of greenwashing risk.

6.4 Governance Embedding and Accountability Mechanisms

The report provides evidence that carbon management is embedded in governance structures. BYD
describes a climate governance architecture involving the board of directors, the Strategic and Sustainability
Committee, the ESG Management Committee, the ESG Sustainability Department and ESG personnel
within business groups and divisions. This structure indicates that sustainability disclosure is connected to
internal governance rather than remaining only a public communication exercise.

The report also mentions that climate-related information is distributed to the board members, that board
members and management receive training on climate change and that sustainability performance indicators
are tied to the remuneration of the executive and senior managers. This is because, incentive alignment
increases the relationship between disclosure and the accountability of the managers. Governance embedding
has a moderating effect from a greenwashing-risk perspective. Carbon data connected to board oversight,
risk management, internal reporting and performance incentives will be more likely to mitigate
greenwashing risk in digital carbon management.

6.5 Symbolic Sustainability Narratives and Legitimacy Building

The report also has a powerful symbolic sustainability story. There is also recurring language used to
mark identity building which include concepts like the three green dreams, DREAMS, cooling the Earth by 1
degree Celsius, green innovation, responsibility and shared value. These can be expressions in a positive way.
Symbols narratives are frequently used as a method of communicating values, mission and long-term
strategic orientation in corporate sustainability reports.

But when symbolizations are not complemented by quantifiable proof, they do have relevance in the
context of the risk of greenwashing. The BYD case demonstrates that there can be both symbolic and
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substantive disclosure. On the other hand, the report assures evidence-based disclosure via carbon data, ISO-
related standards, product carbon footprint accounting and governance structures. It also, however, applies
potent legitimacy-building narratives in building a green corporate identity. This is a finding that
corroborates the symbolic-communication path as digital ESG communication can lead to increased
corporate legitimacy due to the more coherent and convincing sustainability narratives.

6.6 Disclosure Boundary and Residual Greenwashing Risk

There are also disclosure limitations that remain, with a more critical reading of the report. First, there is
not a complete coverage of the environmental KPI boundary for all overseas bases and sales stores. This
boundary disclosure is transparent, but also indicates that this data on the environment cannot be interpreted
as a full global operational footprint. Second, other information related to climate change transactions, for
example costs and revenues from carbon trading, is not reported because of business sensitivity. Third, a
number of carbon-related disclosures are tied to standards and verification, but not all environmental
disclosures are created equal and not all are equally assured by a third party.

These restrictions are not to be interpreted as greenwashing by BYD. Instead, they illustrate why the
paper should refer to greenwashing risk, rather than greenwashing behavior. The textual evidence indicates
that digital carbon management can lead to a reduction of the risk of greenwashing, but that risks persist in
cases of incomplete disclosure boundaries, assumptions or verification coverage.

Table 5: Pathway-level synthesis of the textual analysis

Pathway

Supporting evidence

Risk-reduction mechanism

Residual concern

Transparency-
enhancing path

iDi Carbon Chain; ISO
14064/14067; Scope 1 and Scope
2 emissions; clean electricity use;
climate governance; ESG-linked
remuneration

Improves traceability,
specificity, carbon accounting
capability, governance
embedding and verification
readiness.

Disclosure still depends on
boundary, calculation
method and assurance
coverage.

Symbolic- Three green dreams; DREAMS; Strengthens corporate Symbolic narratives can
communication cooling the Earth by 1 degree legitimacy and communicates | increase ambiguity when
path Celsius; responsibility and shared | sustainability identity. not sufficiently anchored in
value language measurable evidence.
Overall The report contains both Digital carbon management Digitalization should not be
implication substantive evidence and can reduce greenwashing risk | treated as automatically

symbolic narratives.

when linked to standards,
governance and verification.

anti-greenwashing.

7. Discussion

This section discusses the theoretical and practical implications of the findings. It explains how the BYD
case contributes to the literature and what it suggests for companies, regulators and investors.

7.1 Digitalization is Not Automatically Anti-greenwashing

The BYD case suggests that digitalization should not be treated as inherently anti-greenwashing. Digital
carbon management can minimise the risk of greenwashing if it enhances data traceability, carbon
accounting and readiness to analyse and verify carbon impact of products. But digitalized ESG
communication can also help to make sustainability narratives more convincing. The difference lies in the
fact that digital tools are being used mainly for data governance or impression management.

This distinction enables to reconcile two strands in the literature. On the other hand, research in the field
of sustainability accounting underscores the need to have measurable environmental information to use in
decision making [11]. However, greenwashing and legitimacy research make it known that sustainability
reports can also serve to manage stakeholder perception. Both mechanisms can occur at the same time as
illustrated in the BYD case. The symbolic sustainability narrative remains influential in terms of legitimacy,
and digital carbon management can enhance accountability.
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7.2  From ESG Storytelling to ESG Accountability

A key theoretical implication of this study is the shift from ESG storytelling to ESG accountability. ESG
storytelling refers to the use of narratives, visions and values to communicate sustainability identity. ESG
accountability refers to the provision of specific, measurable, comparable and verifiable evidence. Effective
sustainability disclosure needs both, but the balance matters. Storytelling without accountability creates
greenwashing risk. Accountability without narrative may be technically accurate but less understandable to
stakeholders.

Digital carbon management can help bridge this gap. It allows companies to support sustainability
narratives with carbon data, product footprint results, automated calculations, governance processes and
external standards. In BYD's case, the iDi Carbon Chain platform provides a mechanism through which
carbon claims can be connected to operational data and compliance reporting [6]. The platform therefore
represents more than a technological tool. It is a potential accountability infrastructure.

7.3 Practical Implications

The findings have practical implications for firms in the new energy vehicle industry. First, companies
need to not just try to build their brand on their product level green identity. It is important to remember that
although EVs have the potential of helping to decarbonize transportation, stakeholders' demands for
information regarding manufacturing emissions, supply chain effects, resource utilization and recycling are
also growing. Second, companies need to invest in digital carbon management systems that are connected to
recognized standards and internal governance. Third, there need to be clear and open techniques, data limits,
and verification procedures, to accompany sustainability stories.

The results indicate that regulators and investors should consider not only the length and quality of the
narrative of an ESG report, but also the specificity of the evidence, in determining the extent of ESG
disclosure. Some questions to consider: Are the boundaries of reporting clear? Is there any correlation
between carbon data and methodologies? Do the products have their carbon footprints calculated? Is there
external evidence? Are the board members on board? Are there any management incentives for targets?
These questions can be used to identify substantive disclosure from symbolic communication.

8. Conclusion

This paper focused on the impact of digital carbon management on ESG greenwashing risks concerning
corporate sustainability disclosure. The study used BYD's Sustainability Report 2025 as an exploratory case
and came up with a dual-path framework, adopting a preliminary text analysis approach. When digital
carbon management is able to increase the traceability of data, disclosure specificity, the ability to account
for carbon, readiness to embed into governance and readiness for verification, the findings indicate that there
may be a reduced risk of greenwashing. The transparency-enhancing pathway is evident in BYD's iDi
Carbon Chain platform, which is linked to organizational carbon management, product carbon footprint
accounting, automated carbon data calculation, international compliance reporting and ISO-related standards.

The study makes three contributions to works. Secondly, it adds to greenwashing research the perspective
on the production and verification of ESG information, not just the mere disclosure of sustainability
information by firms. Second, it contributes to the research on digital transformation by demonstrating that
digitalization can have a dual effect, on the one hand making it possible to control and report on decision-
making processes, and on the other hand symbolically communicating decisions. Third, it introduces a
pragmatic analytical framework to evaluate the credibility of ESG disclosures using coding categories and
specificity scores.

There are also some limitations to the study. Firstly, it is a single case study on BYD, thus the findings
are not generalizable. Second, analysis is primarily based on corporate sustainability disclosure, which does
not necessarily represent the real ESG performance. Thirdly, the textual analysis is preliminary and not based
on large scale computational text analysis. Future studies can be expanded by comparing several new energy
vehicle companies, using third-party ESG ratings and applying quantitative textual analysis methods to
systematically explore the connection between digital carbon management and greenwashing risk.
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The limitations aside, the research offers some practical guidelines for corporate ESG governance. It
recommends that companies transition from ESG storytelling to ESG accountability, by connecting
sustainability storytelling with data systems, governance, external standards and verification. This is
particularly relevant for new energy vehicle companies as a green product identity is not enough to prove
ESG credibility. Digital carbon management can help diminish the risk of ‘greenwashing' if it is not just a
communication tool, but a real governance and accounting tool.
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Evidence item Code | Evidence summarized from the report Analytical interpretation
/
score
Reporting B/C; | The report discloses that economic and social Boundary disclosure improves
boundary 2 KPIs cover the group, while environmental transparency, but the exclusion of
KPIs cover operating sites under BYD's overseas bases and sales stores should
operational control and exclude overseas bases | be treated as a limitation for global
and sales stores. environmental assessment.
Reporting C;3 The report follows HKEX and SZSE Multi-framework alignment supports
standards requirements and refers to ESRS, GRI, ISSB formal comparability and reduces
IFRS S1/S2, SDGs and ISO IWA 48. purely symbolic ambiguity.
Reporting B/C; | The report states principles including These principles directly address
principles 3 materiality, quantification, balance, common sources of greenwashing risk
consistency, accuracy, comparability, such as vagueness and selective
completeness and verifiability. disclosure.
Board approval D/C; | The board supervises the report and states Board-level approval strengthens
3 responsibility for the authenticity, accuracy and | accountability for sustainability
completeness of the content. disclosure.
iDi Carbon Chain | A/C; | The platform supports organizational carbon This is the strongest evidence of the
3 management, product carbon footprint transparency-enhancing path.
accounting, automated carbon data calculation
and compliance reporting.
ISO 14064 and G;3 The report states that the iDi Carbon Chain External standards improve verification
ISO 14067 platform passed ISO 14064 and ISO 14067 readiness and carbon accounting
certification. credibility.
Clean electricity | B; 2 The report discloses 7.29 billion kWh of clean | Quantified evidence improves
use electricity use. specificity, but its interpretation still
depends on procurement boundary and
accounting method.
Environmental B;2 The report discloses RMB 2.04 billion in Quantified financial input supports
investment environmental protection investment. substantive disclosure, but input data
does not directly prove environmental
outcome.
Scope 1 and B/C; The report discloses Scope 1 and Scope 2 Scope-based disclosure increases
Scope 2 3 emissions for the automobile sector and related | measurability and comparability.
emissions carbon intensity indicators.
Carbon intensity | B/D; | The report states a target to reduce operational | A time-bound quantitative target
target 3 carbon emission intensity by 50% by 2030 strengthens accountability.
from a 2023 baseline.
Climate D;3 The report describes a climate governance Governance embedding links digital
governance structure involving the board, Strategic and carbon management to organizational
Sustainability Committee, ESG Management accountability.
Committee and ESG personnel in business
units.
ESG-linked D;3 The report states that sustainability indicators Incentive alignment strengthens the
remuneration are linked to 10% of executive and senior credibility of ESG governance.
management remuneration, with climate
indicators accounting for more than 40% of
ESG indicators for ESG-related executives.
Green vision E; 0-1 | The report uses concepts such as the three Symbolic narrative supports legitimacy
narratives green dreams, DREAMS and cooling the Earth | but requires evidence-based anchoring.
by 1 degree Celsius.
Withheld climate | B/C; Some carbon trading-related cost and income This shows residual information
transaction data 1-2 information is not disclosed due to business asymmetry and should be discussed as

sensitivity.

a disclosure limitation.

Note. The specificity score is interpretive: 0 = symbolic narrative only; 1 = action description without quantitative
evidence; 2 = quantitative evidence with limited verification or boundary detail; 3 = quantitative evidence supported by
standards, certification, governance or verification mechanisms.
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Abstract

As ESG concepts become increasingly integrated into China's capital market, the divergence in ESG ratings
across different rating agencies has become an increasingly prominent phenomenon. This paper examines the
Chinese A-share listed companies from 2012 to 2024 empirically to investigate the influence of the differences
in ESG ratings on the excellent development of enterprises (assessed by total factor productivity). The research
results show that the differences in ESG ratings can remarkably improve the total factor productivity of the
enterprise, exerting a "stimulating effect" instead of a suppressing effect. This conclusion is also confirmed by
several robustness tests, such as variable replacement, modification of model specification and instrumental
variables method. The heterogeneity analysis indicates that the "stimulating effect" is more obvious in the
companies with high analyst coverage, low managerial ownership and a well-structured organization. This
study implies that the disagreement in ESG ratings may motivate companies to improve the quality of their
development. It gives a new insight into the economic impacts of the differences in ESG ratings and proposes
some feasible recommendations for regulators and enterprises.

Keywords

ESG rating divergence, high-quality corporate development, total factor productivity, reverse pressure effect

1. Introduction

During the “14th Five-Year Plan” period, China’s economy is in a stage of high-quality development, in
which improving total factor productivity (TFP) becomes an important driving force for sustainable corporate
growth and competitiveness improvement [1]. At the same time, ESG (Environmental, Social, and Governance)
principles, serving as a benchmark for evaluating the sustainability capability of companies, receive more and
more attention from regulators, investors and the general public. Under the influence of policies such as the
"dual carbon" target and the Guidelines for Sustainable Development Reports of Listed Companies, the ESG
evaluation results are gradually incorporated into investment decisions, financing assessments and risk
management procedures. However, it is a neglected fact that different rating agencies usually give significantly
different assessments of the ESG performance of the same enterprise. This leads to the problem of "ESG rating
divergence". Will this divergence ultimately affect the performance of enterprises or will it instead urge them
to improve their total factor productivity? This issue is closely related to the effectiveness of the ESG system
and the way towards high-quality corporate development, and therefore urgently needs empirical confirmation.
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In fact, the differences in ESG ratings are not only technical problems. According to the China ESG
Development Report (2023), the average correlation coefficient among the ratings given by major domestic
ESG rating agencies to the same listed company is less than 0.6, indicating significant divergence. From the
perspective of information economics, the divergence increases the uncertainty of external stakeholders’
perception of a company’s true ESG level, which may result in negative effects such as investor confusion and
higher financing costs [2-4]. It also causes stock prices to be synchronized and decreases the pricing efficiency
of the financial market [5, 6]. When enterprises encounter conflicting external evaluations, they may have the
motivation to carry out "legitimacy repair" to rebuild market trust by improving governance, enhancing
efficiency and strengthening information disclosure. In fact, previous research shows that the differences in
ESG ratings can compel companies to increase their green innovation levels [7-9]. It also prompts them to
improve the quality of their ESG disclosures and attract analyst attention, thereby reducing their debt financing
costs [3]. The differences in ESG ratings may not be just "noise", but rather an external pressure that forces
companies to make self-improvements. However, existing research has not sufficiently explored this positive
effect; especially, there is still a lack of empirical verification at the level of the core production efficiency of
the enterprises.

A review of the existing literature reveals that scholarly research on divergences in ESG ratings primarily
focuses on two directions: First, the causes of divergence—such as differences among rating agencies
regarding the scope of evaluation, measurement methodologies, and the assignment of weights. [10, 11]
Insufficient Standardization and Transparency in Corporate ESG Information Disclosure[2, 12]. The negative
economic consequences of divergence—such as increased stock price synchronicity and reduced capital
market information efficiency. [5, 6] Raises debt financing costs [2, 4] and triggers a reduction in holdings by
institutional investors [13], It weakens an enterprise's bargaining power within its supply chain and the stability
of its customer base [ 14, 15], and may even stifle its continuous innovation and green collaborative innovation
[16, 17]. The aforementioned studies generally view disagreement as an "external burden." Scant literature
explores whether divergence might compel enterprises to take substantive action to enhance the quality of their
development. Although some studies have identified the positive incentive effect of ESG rating divergence on
green innovation [7-9], no research has directly examined the causal relationship between ESG rating
divergence and the total factor productivity of listed companies, which is widely regarded as the core indicator
of high-quality corporate development. This theoretical gap provides important research space for the present
study.

To solve the above problems, this paper takes Chinese A-share listed companies from 2012 to 2024 as the
research objects to empirically investigate the impact of the difference in ESG ratings on the total factor
productivity of the firms. It also examines the heterogeneity of this effect under different external supervisory
environments, internal governance structures and the corporate life-cycle stages. The results indicate that: (1)
The difference in ESG ratings can improve the total factor productivity of the firms. The coefficient of
ESG_rank in the basic regression is 0.076 (with a significant level of 1%). This means that an increase of one
standard deviation in the difference will lead to an approximately 0.014 standard deviation increase in the TFP
of the firm, showing a "forcing effect". (2) The conclusions remain valid after the robustness tests, such as
replacing the dependent variable with the TFP calculated by the OP method and replacing the independent
variable with the rank difference. (3) The analysis of heterogeneity shows that this "forcing effect” is more
obvious in the firms with high analyst coverage, low managerial ownership and mature corporate stage. The
results obtained through instrumental variable method have the same direction and support the robustness of
the basic conclusions.

The main contributions of this paper are mainly reflected in three aspects. From a theoretical perspective,
this study expands the previous understanding that 'the disagreement in ESG ratings is completely negative'.
By considering its economic effects from the positive side of 'encouraging enterprises to achieve high-quality
development', this research enriches the literature about the informational value of ESG ratings. In terms of
mechanism identification, heterogeneity was examined from three aspects: analyst attention, management
shareholding ratio and company age. It reveals the conditions under which the differences in ratings exert their
effects on external supervision, internal governance and organizational abilities. It provides empirical evidence
to understand the context dependence of the reverse-forcing mechanism. From a practical standpoint, this
research offers strategic advice to enterprises on how to handle the differences in ESG ratings, especially
suggesting that they should actively transform external pressure into improvement of internal efficiency. At
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the same time, it provides some policy recommendations for regulatory authorities to regulate the ESG rating
market and prevent 'bad ratings pushing out good ones'.

2. Theoretical Mechanisms and Research Hypotheses

2.1 [ESG Rating Divergence and High-Quality Corporate Development

Several rating agencies evaluate the environmental, social and governance performance of the same
company differently. From the viewpoint of information economics, these differences cause more uncertainty
for the external stakeholders about the actual ESG level of the company, which may result in negative effects
like investor confusion and higher financial costs. Based on the concept of legitimacy, if a company considers
that some important external resources providers (such as investors, creditors and regulators) doubt its
legitimacy, it will take 'legitimacy repair' measures to maintain or restore the social legitimacy of the
organization [18]. The inconsistency in ESG ratings acts as an 'unfavorable signal', thus increasing the
legitimacy pressure faced by the companies, leading them to adopt effective improvement strategies.

Specifically, the difference in ESG ratings can improve the corporate total factor productivity through the
following three ways:

Firstly, the impact of strengthened external supervision. The differences in ratings will attract more
attention from analysts, the media and regulators. Studies show that the differences in ESG ratings can increase
the attention of analysts and the media, forcing enterprises to participate in green innovative activities [7, 8].
In order to eliminate the differences and resolve market doubts, companies have the motivation to provide
more detailed information about their ESG practices and internal management procedures. This 'forced
disclosure' is usually accompanied by the standardization of the process and the improvement of resource
utilization efficiency, contributing to the growth of TFP.

Secondly, the effect of incentives and constraints on managers. When the management's ownership is low
and the alignment with shareholders' interests is insufficient, the rating difference can serve as a 'warning
signal' prompting board intervention or shareholder activism, thereby correcting the inefficient decisions and
guiding the allocation of resources to profitable projects. Previous research has found that the management's
shareholding has a negative moderating effect on the relationship between the ESG rating difference and the
company's behavior. A lower management ownership strengthens the external governance role of the rating
difference [19]. This mechanism is especially important in companies encountering serious management
conflicts of interest.

Lastly, the effect of resource redistribution. The rating difference makes it harder or more expensive for
companies to obtain funds in the capital market, thus worsening the financing constraints of the company [2,
20, 21]. This compels the companies to reconsider their internal resource allocation and reduce unnecessary
and inefficient expenditures. Redirecting investments to fields which can significantly enhance productivity,
such as green technological innovation [7-9]. This 'effort to improve efficiency under pressure' directly results
in the enhancement of TFP.

H1: ESG rating divergence exerts a reverse pressure effect on total factor productivity.

2.2 The Joint Moderating Effects of Analyst Coverage, Managerial Ownership, and Firm
Age

The degree to which the above-mentioned reverse coercive effect depends on the external information
environment, internal governance structure and its own organizational capacity of the enterprise's operation.
This article comprehensively examines its boundary conditions from three dimensions.

The analyst coverage reflects the intensity of the external review faced by the company. High analyst
coverage amplifies the market visibility of ESG rating differences. Accelerated the internal transmission of
negative signals within the company. The forced pressure has increased. Some studies believe that analyst
coverage is the key communication channel for the positive impact of ESG rating differences [7]. On the
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contrary, in the case of low attention. Differences may be overwhelmed by information noise, making it
difficult to generate effective incentives.

The shareholding ratio of the management measures the degree of consistency between the interests of
shareholders and the interests of the management in the internal governance mechanism. When the
shareholding ratio is low, the management lacks the motivation to take the initiative to improve productivity.
So external rating differences can be used as an alternative governance mechanism. Let the management take
action by drawing the attention of the board of directors and investors. Empirical studies shows that
management shareholding negatively adjust the relationship between ESG rating differences and high-quality
audit demand [19]. The lower the shareholding ratio, the stronger the external governance effect of the
difference. When the shareholding ratio is high, the management already has strong incentives. So the marginal
effect of divergence is weakened.

Enterprise age is a characteristic of organizational experience, resource accumulation and process maturity.
Mature companies have richer management experience, more stable cash flow and more sound internal control
system. They are more capable of converting external pressure into improved system efficiency. Studies have
found that the negative impact of ESG rating differences on enterprise innovation is more obvious in
enterprises in the growth and maturity stage, and not in enterprises in the recession stage[16]. This shows that
mature enterprises are more sensitive to the pressure of differentiation. Younger enterprises are constrained by
limited resources and lack of management experience, and it is difficult to effectively take advantage of the
pressure brought by differences.

Although these three operate through different channels. External supervision, internal governance and
organizational ability. But they all have the same basic logic. Under the condition of stronger external
supervision, more obvious internal institutional problems, and more mature organizational capacity. The
mandatory impact of ESG rating differences is more significant. So this paper incorporates the three into a
comprehensive hypothetical framework:

H2: The positive effect of ESG rating divergence on total factor productivity is stronger among firms with
higher analyst coverage, lower managerial ownership, and greater firm age.

3. Research Design

3.1 Sample Selection and Data Sources

This paper selects Chinese A-share listed companies from 2012 to 2024 as the research subjects, and,
drawing upon existing studies, applies the following screening criteria to the sample: (1) ST and *ST firms are
excluded; (2) firms in the financial industry are excluded; (3) firms that have been delisted or suspended from
listing are excluded; (4) observations with abnormal or missing values for relevant variables are excluded.
Ultimately, a total of 47,883 valid observations were obtained. The ESG rating data in this article comes from
the scores published by six rating agencies (China Securities, Wind, SynTao Green Finance, Bloomberg, FTSE
Russell, and CNRS). The remaining raw data is sourced from the CSMAR database. In addition, to reduce the
potential impact of extreme values on the research results, this paper applies Winsorization to all continuous
variables at the 1% and 99% quantiles.

3.2 Variable Definitions
3.2.1 Dependent Variable: Total Factor Productivity (TFP_LP)

Following prior studies [22, 23], this paper adopts firm-level total factor productivity estimated using the
LP method as a quantitative indicator of high-quality corporate development. Total factor productivity reflects
firms’ resource allocation efficiency and technological progress beyond factor inputs and is widely recognized
as a key indicator for measuring the level of high-quality corporate development.

3.2.2 Independent Variable: ESG Rating Divergence (ESG_rank)

Following existing literature [24], ESG rating divergence is measured by directly calculating the standard
deviation of the rankings assigned by all rating agencies to the same firm in a given year. A larger value
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indicates greater inconsistency among rating agencies in evaluating the firm’s ESG performance, implying a
higher degree of ESG rating divergence.

3.2.3 Control Variables

Drawing on prior studies [24, 25], this paper includes the following control variables: (1) fixed asset ratio
(Fixed), used to control for the impact of asset structure on production efficiency; (2) ownership concentration
(First), reflecting the governance effect of major shareholders; (3) firm size (Size), controlling for economies
of scale; (4) market value (TobinQ), measuring firms’ growth opportunities and market valuation; (5) return
on assets (Roa), controlling for differences in profitability; (6) leverage ratio (Lev), reflecting firms’ financial
leverage and risk level; and (7) operating revenue growth rate (Growth), controlling for the influence of firm
growth on total factor productivity. Detailed definitions of all variables are presented in Table 1.

Table 1: Definitions and Descriptions of Variables

Variable Variable Name Variable Definition
Type
Dependent High-Quality Corporate | Firm-level total factor productivity estimated using the LP method
Variable Development (TFP_LP)
Independent | ESG  Rating  Divergence | Standard deviation of the rankings assigned by all rating agencies to
Variable (ESG rank) the firm in a given year
Control Fixed Asset Ratio (Fixed) Net fixed assets / total assets
Variables Ownership Concentration | Shareholding ratio of the largest shareholder
(First)
Firm Size (Size) Natural logarithm of total assets
Market Value (TobinQ) Market value / total assets
Return on Assets (Roa) Net profit / total assets
Leverage Ratio (Lev) Total liabilities / total assets
Revenue Growth Rate | (Current quarter operating revenue — previous quarter operating
(Growth) revenue) / previous quarter operating revenue

3.3 Model Specification

Based on the above discussion and hypotheses regarding ESG rating divergence and high-quality corporate
development, this paper constructs the following model to examine their relationship:

TFP_LP;; = a + f1ESG_rank; + yControls;, + p; + A + &;¢ (D)

where TF P, P; ; denotes the total factor productivity of firm i in year #; ESG_rank; ; represents the degree
of ESG rating divergence for firm 7 in year #; Controls;, denotes the set of control variables; u, represents firm

fixed effects controlling for time-invariant firm characteristics; 4, denotes year fixed effects controlling for
macroeconomic shocks; and ¢;, is the random error term. Standard errors are clustered at the industry level.

4. Empirical Results

4.1 Descriptive Statistics

As shown in Table 2, the sample consists of 47,883 observations. The mean value of firms’ total factor
productivity (TFP_LP) is 8.967, with a standard deviation of 1.092, indicating substantial variation in
development quality among sample firms. The mean value of ESG rating divergence (ESG_rank) is 0.438,
with a standard deviation of 0.193, ranging from a minimum of 0.07 to a maximum of 0.88, suggesting
significant heterogeneity in the degree of ESG rating divergence faced by different firms during the sample
period. The distributions of the remaining control variables are all within a reasonable range.

Table 2: Descriptive Statistics

Observations Mean Standard Deviation Minimum Median Maximum
TFP LP 47883 8.967 1.092 6.747 8.857 11.877
ESG_rank 47883 0.438 0.193 0.070 0.425 0.880
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Fixed 47883 0.201 0.154 0.002 0.169 0.673
First 47883 3.409 0.478 2.111 3.439 4313
Size 47883 22.144 1.351 19.274 21.963 26.273
TobinQ 47883 2.003 1.283 0.830 1.588 8.469
Roa 47883 0.034 0.068 -0.275 0.036 0.204
Lev 47883 0.412 0.207 0.053 0.400 0911
Growth 47883 0.337 0.893 -0.751 0.118 6.098

4.2 Baseline Regression Results

To examine the impact of ESG rating divergence on high-quality corporate development, this paper
constructs the following two-way fixed effects model:

TFPP; =a+B, ESG,ank; yControls; /u+te;, 2)

where 1. denotes firm fixed effects and 4; denotes year fixed effects. The regression results are reported in
Table 3.

Table 3: Baseline Regression Results

€)) 2)
TFP LP TFP LP
ESG rank 0.355%** 0.076%**
(0.045) (0.025)
Fixed -(0.799%***
(0.097)
First -0.033
(0.024)
Size 0.573%**
(0.012)
TobinQ 0.024***
(0.003)
Roa 1.900%**
(0.129)
Lev 0.479%**
(0.066)
Growth -0.009
(0.010)
Constant 8.822%** -3.866***
(0.020) (0.264)
Company Yes Yes
Year Yes Yes
N 40,099 39,561
R? 0.878 0.935

*Notes: The standard error of industry-level gathering is reported in parentheses. * * and *** represent statistical
significance at the levels of 10%, 5% and 1% respectively. The same symbol is also applicable below.

Column (1) of Table 3 includes explanatory variables and company/year fixed effects. The coefficient for
ESG_rank is 0.355, which is significant at the 1% level. In Column (2), after including all control variables,
the coefficient for ESG_rank is 0.076, remaining positive at the 1% level. This result indicates that for every
one-standard-deviation increase (0.193) in ESG rating divergence, the firm's total factor productivity increases
by approximately 0.0147 (0.076 x 0.193) on average. Relative to the TFP_LP mean of 8.967, the economic
significance is substantial. The benchmark regression results validate the core hypothesis of this paper: ESG
rating divergence exerts a significant positive forcing effect on the high-quality development of enterprises.

40


https://www.zeuspress.org/

zeuspress.org ; Environment, Social and Governance; Vol.3, No.3 2026

4.3 Robustness Tests

4.3.1 Replacing the Dependent Variable

To avoid the influence of different TFP estimation methods on the results, this paper replaces TFP_LP
estimated using the LP method in the baseline regression with total factor productivity estimated using the OP
method (TFP_OP). As shown in Column (1) of Table 4, the coefficient of ESG rating divergence (ESG_rank)
is 0.056 and positive at the 5% level, which is consistent with the baseline findings.

4.3.2 Replacing the Independent Variable

Following the measurement approach of prior literature [26], this paper uses the ESG ratings issued by four
rating agencies—Huazheng ESG Rating, Wind, SynTao Green Finance, and Bloomberg. Each institution was
assigned a rating, and then the standard deviation of the four institutions' ratings was calculated. Construct the
ESG rating divergence indicator (ESGdif4) to replace the original explanatory variable in the regression
analysis. As shown in Column (2) of Table 4, the coefficient for ESGdif4 is 0.005, which is positive at the 5%
level; the conclusion is robust.

4.3.3 Replacing the Independent Variable

In addition to the four existing rating agencies, FTSE Russell's ESG rating has been added. Calculate the
standard deviation of the scores from five institutions, construct the ESG rating divergence indicator (ESGdif5),
and re-run the regression. As shown in Column (3) of Table 4, the coefficient of ESGdif5 is 0.006, which is
positive at the 5% level, further validating the robustness of the benchmark conclusion.

Table 4: Robustness Tests

(1) (2) (3)
TFP OP TFP LP TFP LP
ESG rank 0.056**
(0.027)
Fixed -0.818*** -0.800*** -0.800***
(0.092) (0.097) (0.097)
First -0.036 -0.030 -0.030
(0.024) (0.024) (0.024)
Size 0.366*** 0.576*** 0.576%**
(0.011) (0.013) (0.012)
TobinQ 0.019*** 0.024*** 0.024***
(0.003) (0.003) (0.003)
Roa 1.885%** 1.904*** 1.904***
(0.131) (0.129) (0.129)
Lev 0.393*** 0.472%** 0.472%**
(0.064) (0.067) (0.067)
Growth -0.003 -0.009 -0.009
(0.010) (0.010) (0.010)
ESGdif4 0.005**
(0.003)
ESGdif5 0.006**
(0.003)
Constant -1.533*%x* -3.916*** -3.910%***
(0.227) (0.267) (0.266)
Company Yes Yes Yes
Year Yes Yes Yes
N 39,561 39,561 39,561
R? 0.897 0.934 0.934

4.4 Endogeneity Treatment: Instrumental Variable Approach

Considering that the disagreements in ESG ratings may have an inverse causal relationship with high-
quality corporate development or be due to endogeneity issues caused by omitted variables. Drawing upon the
approach adopted in reference [27], this paper employs ESG fund holdings data as an instrumental variable
(IV) for corporate ESG performance. The IV is the percentage of shares held by ESG funds in a company in
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that year. The correlation lies in the fact that ESG funds exhibit a preference for firms with consistent ESG
performance; the exogeneity stems from the fact that fund holdings primarily exert influence by affecting the
divergence in ESG ratings, rather than by directly determining a firm's Total Factor Productivity (TFP). The
regression results are presented in Table 5.

Table 5: Instrumental Variable Results

(1) ESG rank (2) TFP_LP
ESG rank 0.812
(0.430)
v -0.00] ***
(0.000)
Fixed -0.027 -0.780%**
(0.017) (0.094)
First 0.03 1*** -0.056*
(0.007) (0.028)
Size 0.048*** 0.539%#*x*
(0.006) (0.025)
TobinQ -0.004** 0.028#**
(0.001) (0.004)
Profitabil~y 0.044 1.87]***
(0.026) (0.126)
Lev -0.079%** 0.539%#*x*
(0.014) (0.080)
Growth -0.003** -0.006
(0.001) (0.010)
Company Yes Yes
Year Yes Yes
N 39561 39561
F 30.698 417.495

In the first-stage regression, the coefficient of IV was -0.001, which was significant at the 1% level, and
the F-statistic was 30.698, which was greater than 10. Rule out the problem of weak instrumental variables. In
the second-stage regression, the coefficient of ESG_rank was 0.812, which was significant at the 10% level
(p=0.059). The direction and magnitude of the coefficients continue to support the benchmark conclusions.
ESG rating divergence has a positive impact on TFP_LP. The instrumental variable results further validate the
causal robustness of the "forcing effect."

5. Heterogeneity Analysis

5.1 Grouping Based on Analyst Coverage

Research indicates that analysts, as important information intermediaries in capital markets, can mitigate
information asymmetry between companies and external investors through their tracking and coverage
activities. Exert external supervisory pressure on corporate business practices[28, 29]. When companies face
high analyst scrutiny, the negative signals generated by disagreements in ESG ratings are more easily captured
and interpreted by market participants. Impose stronger reputation constraints and performance pressure on
the management. Management is more motivated to deal with external problems by improving productivity
and optimizing resource allocation. Expand the mandatory effect of ESG rating differences. But in companies
with less attention from analysts, the information environment is relatively closed. The difference in ESG
ratings is difficult to effectively translate into internal decision-making and is unlikely to be convincing. This
paper follows the method of existing literature [30], and divides the sample into high-attention group and low-
attention group according to the medin of analyst attention. The results of the grouped regression are presented
in Table 6.
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Table 6. Heterogeneity Test: Analyst Coverage

@) 2)
Low Analyst Coverage High Analyst Coverage
TFP_LP TFP _LP
ESG rank 0.029 0.074%**
(0.033) (0.025)
Fixed -0.920%** -0.753%**
(0.124) (0.109)
First -0.037 -0.014
(0.041) (0.025)
Size 0.528%** 0.585%**
(0.022) (0.013)
TobinQ 0.019** 0.024%**
(0.008) (0.003)
Roa 1.820%*** 1.82]***
(0.202) (0.128)
Lev 0.562%** 0.404%**
(0.088) (0.073)
Growth -0.004 -0.009
(0.015) (0.009)
Constant -2.842%** -4.156%**
(0.485) (0.301)
Company Yes Yes
Year Yes Yes
N 11,543 26,989
R?2 0.943 0.942

The results indicate that, in the high-attention group, the coefficient for ESG rank is 0.074, which is
positive at the 1% level. In the low-attention group, the coefficient is 0.029 and not significant. This result
validates the aforementioned theoretical expectation: the external monitoring function of analysts serves as a
crucial transmission channel through which ESG rating divergence exerts its coercive influence. When analyst
coverage is high, the governance-related information embedded in rating divergence is fully disseminated,
thereby prompting firms to improve their performance. But when external informational pressure is insufficient,
rating divergence struggles to translate into effective governance constraints. Discrepancies in ESG ratings do
not directly impact firms; rather, they amplify the effects of external pressure through information
intermediaries.

5.2 Grouping Based on Managerial Ownership

Some people think that management shareholding is an important internal governance mechanism. When
management holds a considerable proportion of shares, their personal interests are consistent with those of
shareholders, which reduces agency costs[31, 32]. The management itself already has a strong motivation to
create value. The marginal utility of the additional pressure exerted by external ESG rating differences is low,
and the resulting coercive effect may not be significant. In companies with a low shareholding ratio of
management, the conflict of interest between management and shareholders is more obvious. The management
lacks sufficient intrinsic motivation to improve the long-term value of the enterprise. Differences in ESG
ratings can make up for the lack of internal incentives and trigger a defensive response from management. By
enhancing production efficiency, the uncertainty associated with external evaluations is reduced, thereby
generating a more pronounced "reverse-forcing" effect.

This paper divides the sample into two groups of low-management shareholding and high-management
shareholding according to the medin of the management shareholding ratio. The regression results are
presented in Table 7.

Table 7: Heterogeneity Test: Managerial Ownership

(@) 2)
Low Managerial Ownership High Managerial Ownership
TFP_LP TFP _LP
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ESG rank 0.100%** 0.038
(0.035) (0.027)
Fixed -0.678*** -1.062%***
(0.086) (0.134)
First -0.000 -0.084***
(0.032) (0.031)
Size 0.552%** 0.567***
(0.019) (0.016)
TobinQ 0.019%** 0.03 1 %**
(0.005) (0.003)
Roa 2.032%** 1.789%**
(0.132) (0.215)
Lev 0.434%** 0.538%**
(0.080) (0.076)
Growth -0.001 -0.024**
(0.011) (0.009)
Constant -3.479%** -3.554%**
(0.412) (0.343)
Company Yes Yes
Year Yes Yes
N 20,089 19,170
R? 0.936 0.940

In the low-shareholding group, the coefficient for ESG rank is 0.100, significant at the 1% level. In the
high-holding group, the coefficient is 0.038 and not significant. There exists a substitutive relationship between
ESG rating divergence and internal governance structures. When the internal incentive mechanism is weak,
the external rating difference can play a "compensation" role, so that the management can improve the
company's performance. When the management has gained sufficient incentives through stock holdings, the
marginal impact of external differences is limited. This provides new empirical evidence for understanding the
differentiated effect of ESG rating differences in different governance environments.

5.3 Grouping Based on Firm Age

The age of the organization reflects the differences in resource accumulation, management experience and
adaptability of the organization [33]. Mature enterprises usually have a perfect governance structure and
standardized operation process; They possess an exceptional ability to absorb and process information, can
turn external pressure into improved internal efficiency [34]. Partners are more likely to trust established
companies. Research suggests that when established companies supply used equipment to younger companies,
it leads to regional economic prosperity [35]. Domestic scholars have made similar findings. For example,
there is an inverted U-shaped relationship between firm age and government subsidies [36], and national
innovation systems tend to favor established firms [37]. Mature companies are subject to stricter market
oversight and reputational constraints, and are more concerned about discrepancies in external evaluations.
Young companies have limited resources. Their organization is undergoing rapid change, and management is
placing greater emphasis on market expansion and survival. The response to relatively “indirect” external
signals (such as differences in ESG ratings) is weaker; so the “crowding-out effect” is difficult to materialize.

This paper divides firms into young firm and mature firm groups according to the annual industry median
of firm age. The regression results are reported in Table 8.

Table 8: Heterogeneity Test: Firm Age

@ 2
Young Firm Mature Firm

TFP_LP TFP_LP
ESG rank 0.026 0.102%**

(0.029) (0.034)
Fixed -1.090%** -0.669%**

(0.149) (0.082)
First -0.064** -0.014
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(0.032) (0.024)
Size 0.559%** 0.576%**
(0.021) (0.014)
TobinQ 0.025%** 0.022%**
(0.004) (0.006)
Roa 1.944%** 1.861%**
(0.201) (0.128)
Lev 0.538%** 0.436%**
(0.076) (0.072)
Growth -0.021** -0.005
(0.010) (0.011)
Constant -3.449%** -3.981***
(0.450) (0.311)
Company Yes Yes
Year Yes Yes
N 17,152 22,409
R? 0.938 0.926

The results shows that in mature companies, the ESG rank coefficient is 0.102 and is statistically
significant at the 1% level. For young enterprises, the coefficient is 0.026, which is not statistically significant.
This suggests that the positive spillover effects of ESG rating differences do not apply to all companies, it
depends on their “absorption capacity.” Mature companies rely on robust governance structures and substantial
resources. More effectively transform external pressures into a driving force for high-quality development.
Due to their limited capabilities, young companies are unable to derive similar incentives from rating
divergences. If a company relies solely on differences in ESG ratings to drive high-quality corporate
development. That may need to be supplemented by capacity-building efforts within the company. Otherwise,
the expected “compulsory effect” may be absent among young companies that are most in need of
improvement.

6. Conclusions and Policy Implications

This article is based on data from Chinese A-share listed companies from 2012 to 2024. This study
systematically examined the impact of ESG rating divergence on the high-quality development of enterprises;
the main findings are as follows: (1) Discrepancies in ESG ratings are not merely "informational noise," rather,
it serves as a key catalyst for driving improvements in total factor productivity. Even after addressing
endogeneity, using proxy variables, and modifying the model specifications. The “compulsion effect” is also
strong. And this confirms the core hypothesis of the “compulsion mechanism.” (2) From the perspective of the
external oversight environment, the visibility of rating discrepancies is greater among companies that are
closely monitored by analysts. Greater external oversight pressure has amplified the enforcement effect. High
analyst coverage can amplify the positive incentive effect of divergent views. (3) From the perspective of
internal governance structure, agency problems are more pronounced when management holds a low
percentage of shares. Different external ratings can serve as a substitute for internal governance mechanisms
and create more positive incentives. On the contrary, a high degree of managerial ownership mitigates the
marginal effects of disagreements. (4) In terms of the company's maturity, mature companies have better
management expertise, cash flow, and internal control systems. They can better channel external pressure into
improvements in system efficiency. Young companies are constrained by limited resources and a lack of
management experience. Struggling to effectively harness the pressure created by disagreements. This reveals
the fundamental logic behind how differences in ESG ratings drive the high-quality development of enterprises
through three distinct channels. "strengthened external oversight—management incentives and constraints—
resource reallocation."

So this paper proposes the following policy recommendations: (1) Regulatory authorities should objectively
recognize the “double-edged sword” effect of differences in ESG ratings; While making ratings and disclosures
more standardized, they do not need to go to great lengths to eliminate all these differences. Appropriate
“constructive disagreement” can create a mechanism for external pressure. Encourage companies to actively
improve their governance and efficiency. A mechanism for monitoring and issuing early warnings regarding
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credit rating discrepancies could be established, with preferential policies offered to companies that show
significant but sustained improvement in their credit ratings. (2) Investors should pay attention to the various
signals conveyed by ESG ratings and use them as supplementary indicators for assessing corporate governance
risks and future sustainability potential. Actively engage with management through channels such as
shareholder meetings and investor engagement platforms to drive improvements in the company’s ESG
performance and operational efficiency. For companies that are controversial but fundamentally sound, they
may be viewed as potential “value pockets.” (3) Companies should recognize the value of the external pressure
inherent in rating divergences. Use rating feedback to identify gaps in environmental, social, and governance
(ESG) performance. Transform external pressures into an endogenous driver for improving total factor
productivity. Established companies can leverage their organizational capabilities to be the first to improve
efficiency. Young companies should establish an ESG management system in phases to lay the groundwork
for better development.

This study also has some limitations and suggests directions for future research. (1) Differences in ESG
ratings are primarily measured using the standard deviation of the rankings assigned by different rating
agencies. It doesn't specify the exact source of the differences. For example, whether the divergence stems
primarily from the environmental, social, or governance dimension; The mechanisms by which differences
across various dimensions affect total factor productivity may vary. And the researchers can explore this
further later. (2) Due to limitations in data availability, the sampling period did not cover a longer time window.
It is challenging to characterize the long-term dynamic effects of ESG rating divergence on high-quality
corporate development, as well as its potential nonlinear features (such as U-shaped or inverted U-shaped
relationships). In the future, the researchers can combine data from longer time periods for tracking and
analysis. (3) This article primarily focuses on three heterogeneity dimensions: analyst attention, management
shareholding, and company age. Other moderating factors that may affect the boundary of the forcing effect,
such as industry attributes (heavy pollution vs. non-heavy pollution), regional institutional environment, and
the level of enterprise digital transformation, have not yet been explored. In the future, the heterogeneity
analysis framework can be expanded to better understand the mechanisms underlying the differential impacts
of ESG rating variations.
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Abstract

ESG performance has increasingly become an important means for firms to reconcile short-term financial
objectives with long-term sustainable development. Nevertheless, the informational role and economic
consequences of ESG performance have not yet been sufficiently examined in existing theoretical research.
This study finds that firms with better ESG performance are associated with significantly lower levels of tax
avoidance. Further mechanism analysis shows that strong ESG performance helps ease firms’ financing
constraints, thereby weakening the incentive to rely on tax avoidance for capital accumulation. Additional
heterogeneity analyses indicate that this inhibitory effect is more evident in non-state-owned enterprises, firms
with higher-quality internal controls, and firms receiving greater analyst attention. The findings enrich the
literature on the economic consequences of ESG performance and provide empirical support for promoting
corporate ESG governance as a means of restraining aggressive tax avoidance behavior.

Keywords

ESG performance, corporate tax avoidance, financing constraints, mechanism analysis

1. Introduction

The 15th Five-Year Plan identifies carbon peaking and carbon neutrality as core guiding objectives, aiming
to coordinate efforts in carbon reduction, pollution control, ecological expansion, and economic growth, while
strengthening ecological security and enhancing the internal drivers of green development. In April 2026, the
General Office of the CPC Central Committee and the General Office of the State Council issued the Opinions
on Advancing Energy Conservation and Carbon Reduction at a Higher Level and with Higher Quality, further
underscoring the Party and government’s strong commitment to energy conservation, carbon peaking and
neutrality, and the green transformation of development patterns. In this policy context, ESG performance has
become increasingly important in corporate strategic planning and investment decision-making, and is now
widely regarded as an important driver of green transformation and high-quality economic development.

Taxation constitutes the primary source of fiscal revenue, underpins government operations, and functions
as an important tool for macroeconomic regulation and income redistribution [1]. Corporate tax avoidance has
long been a focal issue for various stakeholders. However, few studies have examined tax avoidance from an
ESG perspective. China’s current tax audits primarily focus on compliance and the authenticity of financial
reporting, with limited attention paid to firms’ performance in environmental, social, and governance
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dimensions. Incorporating ESG factors into the assessment of corporate tax behavior may help improve
existing frameworks for evaluating tax compliance. Against this background, this study examines whether
corporate ESG performance affects firms’ tax avoidance behavior and further explores the mechanisms
through which such effects may arise.

The marginal contributions of this paper are threefold. First, this paper extends the literature on the
determinants of corporate tax avoidance by introducing ESG performance into the analytical framework. By
showing that firms with stronger ESG performance tend to engage in less tax avoidance, this study broadens
existing research on the drivers of tax behavior and provides a useful reference for tax authorities seeking to
incorporate ESG information into tax risk identification. Second, it complements the literature on the economic
consequences of ESG performance. Prior studies have largely focused on the effects of ESG on firm value,
stock returns, investment efficiency, financing costs, and green development [2—6]. In contrast to existing
studies, this paper investigates the economic implications of ESG performance from the perspective of
corporate tax behavior, thereby extending the scope of ESG-related research. Third, in the context of promoting
green, low-carbon, and sustainable development, ESG has become a vital metric for assessing corporate value
and social responsibility. While enhancing ESG performance entails governance costs, this study provides
policy insights—viewed through the lens of tax avoidance—on how to better integrate ESG into corporate
governance. The findings may also provide support for better coordination between tax governance and
sustainable development policies.

2. Literature Review and Research Hypotheses

2.1 Literature Review
2.1.1 Determinants of Corporate Tax Avoidance

Corporate tax avoidance refers to the reduction of tax liabilities to the minimum level permitted by law.
Existing studies have examined the determinants of corporate tax avoidance from both internal corporate
factors and external institutional environments. Internal determinants include corporate governance
mechanisms [7], managerial characteristics [8], and financing constraints [9]. External studies have primarily
explored inter-jurisdictional tax competition among local governments [10] and the efficiency of tax
enforcement. Notably, few studies have investigated the impact of ESG governance on corporate tax avoidance.

2.1.2 Economic Consequences of Corporate ESG Performance

ESG is a sustainability evaluation framework proposed by the United Nations Principles for Responsible
Investment, encompassing environmental, social, and governance dimensions. It serves as a key indicator of
non-financial performance. The literature has systematically documented various economic outcomes
associated with ESG performance, such as reduced financing costs [3], enhanced firm value [2], facilitation of
green transformation [4], and improved liquidity through ESG disclosure [11]. Although the literature on the
economic consequences of ESG performance has expanded rapidly in recent years, relatively little attention
has been paid to its relationship with corporate tax avoidance. This study therefore investigates the relationship
between ESG performance and corporate tax avoidance, offering a meaningful extension to the literature and
exploring the underlying mechanisms.

2.2 Theoretical Analysis and Research Hypotheses
2.2.1 Corporate ESG Performance and Tax Avoidance

Corporate ESG performance is closely linked not only to sustainable development but also to tax avoidance
behavior. First, firms that actively embrace ESG principles maintain higher standards in environmental
management, social responsibility, and internal governance. Firms with strong ESG performance are generally
more likely to obtain green credit, attract ESG-oriented investment, and gain support from long-term
institutional investors, which helps reduce both debt and equity financing costs. In addition, as regulators and
stock exchanges place greater emphasis on ESG disclosure in financing reviews, firms with better ESG
performance may find it easier to access external financing at lower cost, thereby weakening incentives to rely
on tax avoidance. Second, strong ESG performance signals operational stability, which mitigates information
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asymmetry between the firm and capital providers. As a result, firms are more capable of meeting financing
needs through conventional channels instead of adopting aggressive tax avoidance strategies that may damage
corporate legitimacy and reputation. Third, superior ESG performance builds positive market reputation and
moral capital. Once tax avoidance behavior is exposed, inconsistencies between a firm’s ESG commitments
and its actual tax practices may lead to substantial reputational damage. A firm that actively promotes
environmental and social responsibility while simultaneously engaging in aggressive tax practices may face
accusations of inconsistency or hypocrisy, thereby undermining its reputational capital. To maintain
reputational credibility and preserve stakeholder trust, firms with strong ESG reputations are more likely to
restrain tax avoidance behavior and keep their tax practices consistent with their public ESG commitments.
Based on the above analysis, this paper proposes the following hypothesis:

HI: Ceteris paribus, firms with better ESG performance engage in lower levels of tax avoidance.

3. Research Design

3.1 Sample Selection and Data Sources

This study takes A-share listed companies on the Shanghai and Shenzhen Stock Exchanges from 2009 to
2024 as the research sample to examine the relationship between corporate ESG performance and tax
avoidance behavior. To improve the reliability of the empirical results, the sample is screened using the
following criteria: (1) exclusion of firms with ST or *ST designations; (2) exclusion of financial firms; and (3)
exclusion of observations with missing data or extreme values for key variables. After applying these filters,
the final sample consists of 36,586 firm-year observations. To alleviate the influence of extreme observations,
all continuous variables are winsorized at the 1% and 99% levels. The data are sourced from the CSMAR and
Wind databases.

3.2 Variable Definitions
3.2.1 Dependent Variable

The dependent variable is the degree of corporate tax avoidance (BTD). Existing studies generally measure
corporate tax avoidance using either book-tax differences (BTD) or effective tax rates (ETR). Following Li
Qingyuan and Chen Shilai [12], this study measures tax avoidance using the book-tax difference. Specifically,
BTD is calculated as (pre-tax accounting profit — taxable income) / beginning-of-period total assets. A larger
BTD value indicates a higher level of corporate tax avoidance.

3.2.2 Independent Variable

Corporate ESG performance is measured using the ESG rating data developed by Huazheng Index
Information Service Co., Ltd. (Huazheng). This indicator serves as the core explanatory variable (ESG).
Huazheng’s ESG rating system draws on international ESG evaluation standards while taking into account the
characteristics of China’s capital market, and provides comprehensive assessments of firms’ environmental,
social, and governance performance.

3.2.3 Control Variables

Following Wang Yao [13], Li Shigang [14], Wang Linlin [2], and others, this study controls for the
following variables: firm size (Size), leverage (LEV), profitability (ROA), fixed asset intensity (Fixed),
inventory intensity (INV), cash flow (CFO), growth (GRO), ownership concentration (FIR), and ownership
nature (SOE). Detailed variable definitions are presented in Table 1.

3.3 Model Specification

To test the effect of ESG performance on corporate tax avoidance, this study constructs the following
baseline regression model, drawing on Liu Xing and Ye Kangtao [15]:

BTDi, = Bo +B1 ESGi, + B.Controls;; + &i; (1
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In Model (1), ESG represents the firm’s ESG score and BTD denotes the degree of tax avoidance. If the
coefficient P is significantly negative, it suggests that stronger ESG performance is associated with lower
levels of tax avoidance, thereby supporting Hypothesis H1.

Table 1: Variable Definitions

Variable Name Symbol Description

Corporate Tax Avoidance BTD (Pre-tax accounting profit — Taxable income) / Total assets
ESG Performance ESG Huazheng comprehensive ESG score

ESG Rating ESGpj Huazheng ESG rating

Firm Size Size Natural logarithm of total assets

Leverage LEV Total liabilities / Total assets

Profitability ROA Net profit / Total assets

Fixed Asset Intensity Fixed Fixed assets / Total assets

Inventory Intensity INV Net inventory / Total assets

Cash Flow CFO Net cash flow from operating activities / Total assets
Growth GRO Operating revenue growth rate

Ownership Concentration FOR Shareholding percentage of the largest shareholder
Ownership Nature SOE 1 for state-owned enterprises, 0 otherwise

4. Empirical Results and Analysis

4.1 Descriptive Statistics

Table 2 reports the descriptive statistics of the main variables. For the tax avoidance measure (BTD), the
mean is 0.003, the standard deviation is 0.028, and the median is 0.001, suggesting that the overall level of tax
avoidance among sample firms is relatively low with moderate variation and a roughly symmetric distribution.
The mean ESG score is 74.09, with a standard deviation of 5.093 and a median of 74.10, indicating that ESG
performance is generally moderate and concentrated in the 75—80 range. ESG scores range from a minimum
of 41.19 to a maximum of 100, reflecting substantial variation across firms. The distributions of the control
variables are generally reasonable and consistent with those reported in previous studies.

Table 2: Descriptive Statistics

Variable N Mean Std. Dev. Min Median Max
BTD 25608 0.003 0.028 -0.083 0.001 0.171
ESG 25608 74.09 5.093 41.19 74.10 100
SOE 25608 0.337 0.473 0 0 1
CFO 25608 0.060 0.072 -0.742 0.058 0.850
Fixed 25608 0.212 0.158 0 0.180 0.954
LEV 25608 0.412 0.196 0.008 0.408 1.255
ROA 25608 0.059 0.048 -0.015 0.049 2.637
FIR 25608 34.89 15.12 2.197 32.88 89.99
GRO 25608 3.010 371.5 -2.897 0.117 59412
INV 25608 0.139 0.126 0 0.110 0.943
Size 25608 22.50 1.368 15.71 22.30 28.79

4.2 Baseline Regression Analysis

Table 3 presents the regression results examining the effect of ESG performance on corporate tax avoidance.
The coefficient on the key explanatory variable ESG is significantly negative at the 1% level (t = -2.65). The
results suggest that firms with better ESG performance tend to engage in less tax avoidance, possibly because
stronger ESG governance improves information transparency, enhances external supervision, and alleviates
agency problems. These findings provide empirical support for Hypothesis H1. The coefficients of the control
variables are generally in line with expectations and consistent with prior research.
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4.3 Endogeneity and Robustness Tests
4.3.1 Instrumental Variable Approach

To alleviate potential endogeneity concerns, this study adopts an instrumental variable approach.
Management shareholding ratio (MSL) is chosen as the instrumental variable because it may affect ESG
performance through managerial incentive mechanisms, while having no direct theoretical relationship with
corporate tax avoidance. Table 4 reports the two-stage least squares (2SLS) results. In the first stage, MSL is
significantly positively related to ESG (coefficient = 0.0235, p < 0.01), indicating that the relevance
requirement for the instrumental variable is satisfied. In the second stage, the coefficient on ESG remains
significantly negative at the 1% level (-0.0024), suggesting that the baseline conclusions remain robust after
controlling for potential endogeneity.

Table 3: Baseline Regression Results

Variable BTD
ESG -0.000%**
(-2.65)
SOE 0.001
(0.74)
CFO -0.010
(-1.59)
Fixed 0.006%**
2.77)
LEV -0.014***
(-5.42)
ROA 0.185%**
(6.89)
FIR -0.000%**
(-6.02)
GRO -0.000%***
(-21.78)
INV -0.008***
(-3.12)
Size 0.004***
(11.96)
Constant -0.070%***
(-9.96)
N 25,608
R? 0.1105
Notes: t-statistics in parentheses, *** ** and * denote significance at the 1%, 5%, and 10% levels, respectively.
Table 4. Instrumental Variable Regression
Variable ESG BTD
MSL 0.0235%**
(13.04)
ESG -0.0024***
(-5.33)
Control variables Yes Yes
N 25,608 25,608
R? 0.1045 0.02807

4.3.2 Fixed Effects Models

To further control for unobservable firm-level factors, this study additionally employs firm fixed effects and
two-way fixed effects models. As shown in Table 5, the coefficient on ESG remains significantly negative at the
1% level in both specifications, consistent with the baseline results and supporting the robustness of our findings.

Table 5: Fixed Effects Models
Variable (1) 2)
ESG ESG
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ESG -0.000** -0.000**
(-2.33) (-2.17)
Control variables Yes Yes
N 25,608 25,608
R? 0.113 0.137

4.3.3 Alternative Measure of the Independent Variable

As an additional robustness check, the continuous ESG score is replaced with the categorical ESG rating
(ESGpj) issued by Huazheng. The rating consists of nine grades: AAA (score > 95), AA (90-94), A (85-89),
BBB (80-84), BB (75-79), B (70-74), CCC (65-69), CC (60—-64), and C (score < 60). As reported in Table 6,
the coefficient on ESGpj is significantly negative at the 1% level, further supporting the robustness of the
empirical findings.

Table 6: Robustness Test: Alternative ESG Measure

Variable BTD
ESGpj -0.000**
(-2.25)
Control variables Yes
N 25,608
R? 0.1103

4.3.4 Alternative Sample Period

To eliminate possible interference from the COVID-19 pandemic, the sample period is further restricted to
the years before 2020. The results in Table 7 show that the coefficient on ESG remains significantly negative
at the 1% level, indicating that our findings are robust.

Table 7: Robustness Test: Pre-Pandemic Sample

Variable BTD
ESG -0.000%***
(-3.05)
Control variables Yes
N 16,208
R? 0.0895

4.4 Mechanism Test

According to the theoretical analysis, ESG performance may reduce corporate tax avoidance by easing
firms’ financing constraints (SA). Firms with stronger ESG performance are generally able to obtain external
financing at lower cost, which in turn reduces the incentive to rely on tax avoidance to ease financing pressure.
Table 8 presents the mechanism test results following the “ESG performance—financing constraints—tax
avoidance” pathway. Column (1) replicates the baseline result. Column (2) shows that ESG is significantly
negatively associated with financing constraints (coefficient = -0.002, p < 0.01). In Column (3), when both
ESG and SA are included, the coefficient on ESG remains significantly negative, while SA is significantly
positive. The above results indicate the existence of a mediating effect: firms with better ESG performance
tend to face fewer financing constraints, thereby weakening their incentives to obtain additional internal funds
through tax avoidance activities.

Table 8: Mechanism Test

Variable (D 2 3)
BTD SA BTD
ESG -0.000%*** -0.002%** -0.000**
(-2.65) (-6.16) (-2.11)
SA 0.013%**
(12.35)
Control variables Yes Yes Yes
N 25,608 25,608 25,608
R? 0.1105 0.0014 0.1185
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4.5 Heterogeneity Analysis
4.5.1 Ownership Type

The effect of ESG performance on tax avoidance may vary across ownership types. State-owned enterprises
face both economic and political costs of tax avoidance [16], whereas non-state-owned enterprises encounter
greater resource constraints and competitive pressure [17]. Accordingly, the restraining effect of ESG
performance on tax avoidance is expected to be more pronounced among non-SOEs. As shown in Table 9, in
non-SOEs, the ESG coefficient is significantly negative at the 1% level, consistent with the baseline regression
results. However, in SOEs, the ESG coefficient is insignificant. These results suggest that ownership structure
moderates the relationship between ESG performance and corporate tax avoidance.

Table 9: Heterogeneity Analysis: Ownership Type

Variable BTD
SOEs Non-SOEs
ESG -0.000 -0.000**
(-0.85) (-2.30)
Control variables Yes Yes
N 8,627 16,981
R? 0.1128 0.1134

4.5.2 Internal Control Quality

Corporate tax avoidance involves substantial tax costs and risks, which require robust internal control
systems for effective risk management. Existing studies show that internal control quality exerts a constraining
effect on the extent of tax avoidance [18]. Accordingly, the constraining effect of ESG performance on tax
avoidance is expected to be stronger among firms with effective internal controls. As reported in Table 10, the
coefficient on ESG is significantly negative at the 1% level for firms with effective internal controls, consistent
with the baseline regression results. However, the coefficient becomes insignificant for firms with internal
control weaknesses. These findings suggest that the effectiveness of ESG performance in curbing tax
avoidance depends, to some extent, on the quality of firms’ internal control systems.

Table 10: Heterogeneity Analysis: Internal Control Quality

Variable BTD
No IC Weakness IC Weakness
ESG -0.000*** 0.000
(-3.30) (0.49)
Control variables Yes Yes
N 18,789 6,819
R? 0.1089 0.1218

4.5.3 Analyst Coverage

Analyst coverage enhances corporate information transparency [19] and increases both the difficulty and
risk of tax avoidance. Following the approach of Wang Yao et al. [20], this study measures analyst coverage
using the number of analyst teams following the firm during the sample period. A dummy variable is
constructed that equals 1 if the number of analysts exceeds the sample median, and 0 otherwise. Table 11
reports the subsample regression results. In the high analyst coverage group, the coefficient on ESG is
significantly negative at the 1% level, consistent with the baseline findings. In contrast, the coefficient is
insignificant in the low analyst coverage group. These findings imply that analyst coverage strengthens the
restraining effect of ESG performance on corporate tax avoidance.

Table 11: Heterogeneity Analysis: Analyst Coverage

Variable BTD
High Coverage Low Coverage
ESG -0.000** -0.000
(-2.33) (-0.91)
Control variables Yes Yes
N 13,132 12,476
R? 0.1170 0.1110
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5. Conclusions and Policy Implications

Using a sample of A-share listed companies on the Shanghai and Shenzhen Stock Exchanges from 2009 to
2024, this study examines the relationship between corporate ESG performance and tax avoidance, as well as
the mechanisms underlying this relationship. The empirical results indicate that: first, firms with superior ESG
performance exhibit significantly lower levels of tax avoidance; second, the mechanism test shows that firms
with better ESG performance face lower financing constraints, which in turn reduces their incentive to raise
funds through tax avoidance; and third, the heterogeneity analysis reveals that the negative impact of ESG
performance on tax avoidance is more pronounced among non-state-owned enterprises, firms with higher
internal control quality, and firms with greater analyst coverage. A series of robustness checks, including
alternative measures of the key explanatory variable, further support the reliability of the main findings.

Based on the above conclusions, this study offers the following implications:

(1) For listed companies: Strong ESG performance can weaken the incentive to retain internal cash flows
through tax avoidance by alleviating financing constraints, while also improving internal control quality and
attracting greater analyst scrutiny. Firms should therefore incorporate ESG practices into their long-term
strategic planning. Specifically, companies should increase investments in environmental protection, social
responsibility, and governance practices, strengthen internal control systems, and enhance information
transparency to reduce information asymmetry. Greater scrutiny from analysts and institutional investors may
also help discourage overly aggressive tax avoidance practices. Continuous improvement in ESG performance
can help firms reduce financing costs, improve access to external capital, and enhance their reputation for tax
compliance, thereby supporting more sustainable long-term development.

(2) For investors: ESG performance can serve as a valuable indicator when assessing potential investees’
tax behavior and compliance risks. Investors should prioritize firms with strong ESG ratings, reasonable and
stable effective tax rates, and sound governance. By contrast, firms with consistently poor ESG performance
may face higher risks associated with aggressive tax practices and should therefore be evaluated with caution.

(3) For government authorities: The finding that ESG performance is associated with lower tax avoidance
suggests that regulators may strengthen tax governance indirectly through improved ESG-related incentive
and supervisory mechanisms. One possible approach is to incorporate ESG indicators into tax administration
practices by granting firms with consistently strong ESG performance certain compliance conveniences, while
increasing scrutiny of firms with weak ESG records and abnormal tax behavior. In addition, regulators should
continue improving ESG disclosure standards and strengthen information sharing among tax authorities,
environmental regulators, and third-party rating agencies in order to enhance the effectiveness of tax
supervision and policy implementation.
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Abstract

Monitoring precipitation is an important basis for climate change studies and for the prevention and control of
hydrological disasters. There are currently skewed distributions of ground-based meteorological observation
stations, and satellite-based precipitation products still lack sufficient spatial resolution and systematic
accuracy, directly influencing the accuracy of runoff models and early flood and drought warning systems. In
this paper, the advancement in precipitation monitoring on the Google Earth Engine (GEE) platform was
reviewed. It methodically evaluates the synthesis and use of mainstream precipitation products, including
IMERG, CHIRPS, and ERAS5-Land, as well as complementary information on topography and vegetation, and
ground-truth validation data on the GEE cloud platform. The article focuses on the essence of technical
workflow procedures for the precise spatial resolution of precipitation in complex terrain and urban
environments by combining spatial-decay techniques with machine-learning algorithms, including Random
Forest and XGBoost, on the platform. It also examines existing issues, such as inefficiencies in the parameter
optimisation of prebuilt algorithms at GEE, the lack of deep learning functionality, and the inability to validate
multi-source precipitation products under extreme precipitation conditions. Moreover, the paper outlines future
development directions, including deep integration with external Al frameworks and the implementation of
higher-resolution spatiotemporal observational data.

Keywords

satellite remote sensing, precipitation monitoring, Google Earth Engine

1. Introduction

Precipitation plays an essential role in the global water cycle, and its spatiotemporal variations significantly
affect the distribution of water resources in the region, ecological processes, and the survival of natural
disasters, including floods and droughts. In the context of climate change, the spatiotemporal distribution of
precipitation is characterised by high uncertainty and regional variability, and the proportion of extreme
precipitation events increases in certain regions. Thus, it is particularly important to conduct long-term,
continuous, and high-precision precipitation monitoring studies to understand climate change processes better
and enhance disaster prevention and mitigation [1].

In the modern world, the main sources of precipitation monitoring are ground-based weather station
measurements and satellite-based remote sensing data. This is because ground-based meteorological stations
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are useful for providing credible precipitation data, but have very limited spatial coverage. The use of satellite-
based precipitation products has steadily become a valuable source of data with the evolution of remote sensing
technology; such missions include TRMM (Tropical Rainfall Measuring Mission) and GPM (Global
Precipitation Measurement mission), which have provided continuous global precipitation measurements [2].
Moreover, there are multi-source fusion products, including the CHIRPS precipitation dataset and the ERAS
reanalysis dataset, which are actually used in climate change and hydrological studies [3]. Nevertheless, such
precipitation products have limited spatiotemporal resolution and systematic biases (e.g., high-intensity rainfall
is overstated and solid-state and trace precipitation are underestimated). This can lead to an inversion in the
spatial distribution of precipitation within a watershed, thereby undermining the reliability of runoff simulation,
early flood and drought warnings, and water resource distribution. GEE, with its built-in big-data and cloud-
computing solutions, can be used to merge, evaluate the quality of, and analyse multi-source precipitation data,
which could help overcome barriers such as high data acquisition costs, data-heavy preprocessing, and limited
computing power and throughput [4]. Thus, it is of great importance to synthesise the research achievements
in the domain of GEE for precipitation monitoring. The current paper reviews recent precipitation-monitoring
research conducted on the GEE platform and serves as a reference for related work.

It is against this development backdrop that this paper will take a logical structure of Platform and Data
Sources, Key Methods, Applications and Outlook. First, it presents an overview of the background and
methodological value of the GEE platform, second, it presents the precipitation products and validation data
systems that are accessible using GEE, third, it summaries typical workflows that include remote sensing
inversion, spatial downscaling, and machine learning, and lastly, it explains current challenges and the future
research directions to become an academic source of high resolution precipitation monitoring studies using
GEE.

2. Methodological Value of Gee in Precipitation Monitoring Research

2.1 Platform Background and Technical Framework

GEE is a distributed geospatial big-data analytics platform, a cloud-based system created and managed by
Google to support research on environmental change at a global scale. It is a platform that integrates multi-
source remote sensing, reanalysis, and meteorological observation data and provides online computing services
based on a distributed parallel computing framework.

In hydrological studies, the usefulness of GEE goes beyond the ease of data access; it is characterised by
providing a common computational platform for examining and processing precipitation data across long time
series at a variety of spatial scales. This homogeneity is crucial for watershed-scale hydrological modelling
and climate change response studies.

2.2 Precipitation Monitoring Data Sources of Gee

The essence of precipitation monitoring lies in selecting and processing data sources. Since GEE is a cloud-
based centre intended to enable global-scale geospatial analysis, its key benefit is the combination of multi-
source Earth observation data and a range of environmental information spanning more than 40 years, which
offers a one-stop database for the study of precipitation values on a large-scale, long-term basis. The platform
not only efficiently combines long-term image series from mainstream imagers such as Landsat, MODIS, and
Sentinel, but also methodically presents multidimensional data on topography, meteorology, land cover, and
socioeconomic variables. This allows scientists to go beyond the constraints of individual data sources and
easily retrieve and jointly process multiscale, multiplex data on precipitation processes through an integrated
cloud platform [5]. According to this, the precipitation monitoring data ecosystem created by this paper via
GEE comprises three main tiers: core satellite precipitation products, key environmental covariates, and
ground-based validation data. The remainder of this paper provides a systematic overview and explanation of
the data sources for each tier.

The use of satellite-based precipitation products as the central data source in precipitation monitoring
research also requires that the most frequently used products have their own focus and unique research interests.
With the GPM IMERG series, a third-generation advancement of the TRMM mission, the latest state-of-the-
art multi-satellite combined precipitation retrieval exists. It combines passive microwave, infrared remote
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sensing, and ground-based rain-gauge data through calibration, fusion, and interpolation algorithms to generate
a world-gridded precipitation dataset [6]. In general, studies on the GEE platform apply the Final Run version
(V06 or VO7) calibrated by GPCC, which has high data reliability, the CHIRPS dataset is specifically designed
to support drought monitoring and long-term climate change analysis and is based on high-resolution 0.05 o
infrared data which combines observations made by world weather stations to deliver continuous global
products of precipitation since 1981 [7]. Its longer length of the time series, and lower spatial resolution than
IMERG, has led to its acceptance as a fundamental contributor to the long-term series of precipitation trends
and interdecadal drought research: the land component of the ERAS product, ERA5-Land, is based on superior
data assimilation systems and numerical models, in achieving physically coherent inversion of land-surface
variables like precipitation. It can exhibit spatiotemporal continuity and physical consistency due to its 0.1°
spatial resolution and 1-hour temporal resolution, which is why it is widely used as a reference dataset to assess
the plausibility of satellite precipitation products and to compare multi-source data.

Important environmental covariates can provide crucial assistance in downscaling precipitation patterns or
even aid in the mechanistic analysis of the phenomenon. However, topography is the most important covariate
when defining the spatial variation in precipitation conditions. To properly derive topographic parameters, i.¢.,
elevation, slope, and aspect, the 30-meter-resolution SRTM Digital Elevation Model (DEM) data made
available by the GEE platform can be used to correct systematic biases in satellite-based precipitation products,
such as IMERG, in complex terrain, such as mountainous regions [8]. The vegetation and surface thermal state
data (MODIS NDVI/EVI and LST) are also considered crucial: the vegetation indices are relevant indicators
of surface moisture conditions and the potential for evapotranspiration, whereas the surface temperature is
directly proportional to the severity of local convective activity. Both are lagging or instantaneous measures
of precipitation and are fundamental input characteristics for high-resolution precipitation forecasting. In
addition, ancillary information, e.g., land cover types and proximity to water bodies, also contributes to a more
in-depth characterisation of the complex effects of surface characteristics on the spatial distribution of
precipitation. A combination of all these covariates allows the coarse-resolution precipitation fields to be
downsampled to the kilometre or even hundred-meter scale, thereby realising greater utility for fine-tuning
hydrological management and disaster anticipation and control.

Ground-based validation data provide direct support for the analysis and calibration of the accuracy of
satellite precipitation products. GEE has an embedded Global Summary of the Day (GSOD) database that
includes basic meteorological parameters, such as daily precipitation. Direct code can be written to retrieve
station data for specific locations and centuries to compute accuracy metrics, including correlation coefficients,
root-mean-square error, and bias, and to contrast them with satellite precipitation products. This is one of the
most widely used data sources for confirming precipitation products. In areas where ground observation
networks are well established (as is the case in China), on top of the above global data, there is frequently a
combination of high-density station data issued by organizations like the National Meteorological Information
Centre (it can be accessed by uploading user-ownable content in GEE or connecting to other APIs) to more
stringent and granular local accuracy measurements [9].

3. Monitoring Precipitation Using Gee

3.1 Remote Sensing Inversion Method

One of the most popular approaches to the monitoring of precipitation is remote sensing inversion. In the
quest to improve inversion accuracy, research usually integrates downscaling approaches with machine
learning algorithms. Satellites such as TRMM and GPM provide precipitation products characterised by
temporal continuity and extensive spatial coverage, thereby supporting global and regional precipitation
estimates and playing important roles in monitoring both short-duration heavy precipitation and extreme
weather [2, 10]. To enhance the reliability of local precipitation forecasts, scientists typically combine satellite
data and ground-based rain gauges. They construct precipitation prediction models using machine learning or
statistical methods, incorporating environmental factors such as elevation, vegetation indices, and land cover
to improve inversion performance in complex terrain and urban areas [11, 12]. With the GEE platform,
researchers will have direct access to various satellite-based precipitation products and the ability to fuse them
with other auxiliary data, including MODIS vegetation indices and SRTM elevation data, for spatial and
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temporal matching and preprocessing. This facilitates spatial downscaling and high-resolution retrieval, as
well as the joint operation of various methods.

3.2 Spatial Downscaling Method

There are also significant benefits to the spatial downscaling of precipitation products provided by GEE.
Using the example of TRMM 3B43 V7, the instrument's 0.25° spatial resolution is not very favourable for
imaging the spatial heterogeneity of precipitation in small-watershed or urban-scale studies due to topographic
and land-cover differences. TRMM precipitation data, vegetation indices (NDVI, EVI, and LAI) from MODIS,
SRTM elevation, and latitude/longitude can be accessed online using the GEE platform. Multi-source data are
unified via spatiotemporal registration in the cloud, followed by the construction of predictor datasets at two
resolutions: 25 km and 1 km. On this basis, nonlinear models of precipitation influenced by geographic
environmental factors are developed, with coarse-resolution precipitation data downsampled to 1 km. The
residual correction and scale decomposition methods are then used to generate finer-resolution spatiotemporal
precipitation products, and ground station information is utilised to assess accuracy and conduct spatial pattern
analysis. The complete workflow leverages GEE's strength in processing massive volumes of remote sensing
data, cloud computing, and multi-scale raster operations to bring TRMM precipitation down to 1 km resolution
[13].

3.3 Machine Learning and Artificial Intelligence Methods

Machine learning and artificial intelligence technologies are now available through the GEE platform,
offering new directions in precipitation monitoring, with considerable benefits for complex terrain, multi-
source data fusion, and high-resolution inversion. Using combinations of satellite precipitation products,
ground-based observation data, and auxiliary variables (elevation, vegetation indices, and land cover),
regression and classification models can be developed in the cloud to provide nonlinear estimates of
precipitation. Random Forest, XGBoost, and CNN models are also efficient at capturing spatial features of
precipitation, and the LSTM model is better placed to capture temporal changes [11, 12]. These are trainable,
valid and predictable with an in-built EE in the GEE. Python or Classifier API, and take advantage of the
benefits of cloud computing to process very large, all-around data in time-series [14]. It has been established
that precipitation estimation is more accurate through machine learning than conventional models or single-
satellite products. It is very effective in augmenting the detail and reliability of spatial distribution in
mountainous locations, small watersheds and urban regions. Moreover, in conjunction with downscaling and
residual-correction techniques, it may produce high-resolution, temporally continuous precious information
that can reliably support disaster prevention and mitigation, water resource management, and climate-change
studies [11, 12, 15].

4. Conclusion

This paper presents a systematic review of advances in precipitation monitoring using the Google Earth
Engine cloud platform. The review states that by leveraging its strong cloud-based, distributed computing
capabilities and its ability to integrate large volumes of multi-source data, GEE has radically changed the
conventional research paradigm in precipitation monitoring. At the data-source level, GEE combines long-
term precipitation forecasts, including GPM IMERG, CHIRPS, and ERAS5-Land. With these, coupled with
environmental covariates such as SRTM topography, MODIS vegetation indices, and GSOD ground-truth
validation data, it has defined a multidimensional data ecosystem that has been proven using satellite, Earth-
surface, and model data, known as satellite-ground-model validation. This is quite efficient in overcoming the
weaknesses of very high data acquisition barriers and tedious preprocessing experienced in conventional
studies.

Methodologically, research studies are currently moving away from single-technique remote sensing
inversion and towards multi-technique fusion. More specifically, the joint use of spatial downscaling
techniques and machine learning procedures is becoming more mature, thanks to the GEE platform. Studies
have shown that, with appropriate algorithms such as Random Forest and XGBoost, coarse-resolution satellite
precipitation products can be downsampled to 100-meter or kilometre resolution, and the spatial extent of
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precipitation characterisation in compressed terrain and urban regions can be improved by more than an order
of magnitude.

Even though the GEE platform is very convenient at monitoring precipitation, the existing research still
presents some challenges: first of all, the machine learning algorithms implemented into the GEE platform are
still limited about hyperparameter optimization and called to support deep learning structures, second, the
dissimilarities between the applicability of the multi-source precipitation products in the context of the various
climatic regions and the severe precipitation events themselves need to be cross-validated more critically.
Eventually, as GEE is further integrated with more dynamic overseas Al systems (such as TensorFlow) and
local satellite data with denser spatiotemporal coverage are added, cloud-based precipitation monitoring
studies will provide greater value for finer hydrological predictions and real-time emergency response to
disasters.
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Abstract

Against the background of China's continuing pursuit of the dual-carbon goals, whether the national carbon
emissions trading market can promote corporate green innovation through a market-based mechanism has
become an important question for evaluating the effectiveness of environmental regulation. Using A-share
listed companies from 2018 to 2023 as the research sample, this study treats the official launch of the national
carbon market in 2021 as a quasi-natural experiment. Because the first compliance cycle mainly covered the
power generation sector, firms in industry code D44, namely electricity and heat production and supply, are
identified as the treatment group. A difference-in-differences model is then constructed to examine the impact
of the national carbon market on corporate green innovation. The results show that, after the launch of the
national carbon market, the total number of green patent applications by treated firms increased significantly
relative to control firms. Mechanism tests indicate that the policy significantly reduced carbon emission
intensity among treated firms, and carbon emission intensity is negatively associated with green innovation,
suggesting that carbon constraints are an important channel through which the carbon market affects green
innovation. Heterogeneity analyses further show that firms with higher pre-policy attention to green
transformation respond more strongly to the policy. In this sample, firms with higher financing constraints
exhibit stronger policy responses than firms with lower financing constraints. Dynamic DID estimates show
no significant pre-policy differential trend between treated and control firms, while the policy effect gradually
emerges after 2021. Placebo tests using the pre-policy period, an alternative post-policy window, an alternative
dependent variable, and PSM-DID tests generally support the baseline conclusion. The findings suggest that
China's national carbon market not only imposes emission-reduction constraints but may also influence
corporate green innovation through carbon-cost pressure and expectations of low-carbon transition.

Keywords

national carbon market, green innovation, carbon emission intensity, difference-in-differences, financing
constraints

1. Introduction

Climate governance is reshaping the external institutional environment and internal strategic choices of
firms under China's carbon-peaking and carbon-neutrality policy framework [1]. Compared with traditional
command-and-control environmental regulation, carbon emissions trading schemes transform the scarcity of
emission rights into observable operating costs and asset opportunities through emission allowances, carbon
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price signals, and compliance obligations [2]. Firms that continue to rely on high-carbon production modes
face greater compliance pressure. By contrast, firms that reduce carbon emissions per unit of output through
energy-saving retrofits, process optimization, and green technology research and development may save
allowance costs and even obtain additional carbon-asset returns. In this sense, a carbon market is not only an
emission-reduction instrument, but also a market-based policy tool that may stimulate corporate green
innovation.

China's national carbon market officially began trading on 16 July 2021. Its first compliance cycle started
with the power generation industry [3,4]. Selecting the power sector as the initial coverage industry has clear
policy significance. On the one hand, the sector has large-scale carbon emissions and a relatively mature
emissions accounting foundation, making it suitable for piloting a unified national carbon pricing mechanism
[5]. On the other hand, power enterprises are central actors in energy transition and green technology diffusion,
and changes in their innovation behavior may affect the electricity structure, energy efficiency, and low-carbon
transition of downstream industries.

From the perspective of corporate decision-making, the effect of a carbon market on green innovation is
not merely a question of whether firms reduce emissions. It involves a comprehensive adjustment of cost
constraints, technological routes, organizational cognition, and financing conditions. In response to carbon-
market regulation, firms may adopt short-term compliance strategies, such as purchasing allowances or
reducing output, but they may also adopt long-term transformation strategies, such as equipment upgrading,
process optimization, and green R&D. Which strategy dominates depends on the intensity of carbon constraints,
the firm's original emission level, managerial attention to green transformation, and financing constraints.

This paper contributes to the literature in three ways. First, it focuses on the official launch of China's
national carbon market, rather than regional pilot programs, and therefore helps explain the micro-level policy
effects of China's transition from regional carbon pilots to a unified national market. Second, beyond
estimating the baseline DID effect, the study examines the mechanism of carbon emission intensity and
explores heterogeneity by pre-policy green-transformation attention and financing constraints. Third, the paper
conducts dynamic DID analysis, a pre-policy placebo test, and PSM-DID estimation to strengthen the
credibility of causal identification.

2. Literature Review and Hypothesis Development

2.1 Environmental Regulation, Carbon Markets, and Green Innovation

The relationship between environmental regulation and technological innovation has long been debated.
The Porter hypothesis argues that well-designed environmental regulation may stimulate innovation and offset
part of the compliance cost [6]. Empirical studies, however, have found that regulatory effects depend on the
type of regulation, policy intensity, and firm characteristics [7]. In the field of energy and environmental
economics, induced innovation theory suggests that changes in relative factor prices can redirect technological
progress toward technologies that save the now more costly or scarcer factor [8]. Directed technical change
models further show that policy incentives can affect the direction of innovation in clean and dirty technologies

[9].

Carbon emissions trading is a typical market-based environmental regulatory instrument. By assigning
scarcity and transaction value to carbon emission allowances, a carbon market can change firms' expected
costs and returns. Evidence from the European Union Emissions Trading System shows that carbon pricing
can guide directed technological change and low-carbon patenting [10]. In China, recent studies have examined
the effects of carbon emissions trading schemes on green technological innovation, carbon performance, and
carbon-market mechanisms [11,12,13,14]. However, compared with regional pilots, the national carbon
market has broader institutional significance and requires further firm-level evidence.

2.2 Carbon Constraints and Innovation Incentives

Carbon emissions trading incorporates corporate carbon emissions into a market-based cost-accounting
system through allowance constraints, carbon price signals, and compliance mechanisms. For power-sector
enterprises, carbon allowances gradually become production factors with opportunity costs. The higher a firm's
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emission intensity, the greater the compliance pressure and potential carbon costs it faces. After the national
carbon market is launched, high-carbon production modes are constrained, and the importance of green
technology R&D and low-carbon transformation increases.

From the cost-constraint perspective, the carbon market changes the relative prices of production factors.
When carbon emission allowances become scarce and tradable, firms maintaining high-emission production
modes need to bear higher compliance costs. In contrast, firms that reduce emissions per unit of output through
low-carbon combustion, energy-saving dispatch, pollution co-control, and digital energy-efficiency
management can mitigate carbon-cost pressure. From the incentive perspective, carbon markets also increase
the expected returns of green innovation. If green innovation lowers carbon emission intensity, firms may
reduce allowance purchases and compliance expenditures, while potentially generating carbon-asset gains
from saved allowances.

Therefore, compared with purely administrative regulation, emissions trading leaves firms with more
autonomy to choose among emission reduction, technology investment, and allowance trading. The carbon
market may promote green R&D and patenting through the dual mechanism of cost constraints and expected
returns. Accordingly, this paper proposes the following hypothesis:

HI1: The launch of the national carbon market significantly promotes green innovation among listed firms
in the power sector.

2.3 Mechanism and Heterogeneity

Carbon emission intensity is an important mechanism linking the national carbon market and green
innovation. The carbon market first affects firms' emission behavior. To reduce emissions per unit of output
and lower compliance pressure, firms may increase investment in energy conservation, equipment upgrading,
and process optimization. These low-carbon transformation activities often require technical support and may
further appear as increases in green patent applications. Therefore, this study proposes:

H2: The national carbon market promotes green innovation by reducing corporate carbon emission intensity.

Organizational attention theory suggests that firms facing external institutional shocks differ in their
response speed and intensity. Firms that already paid more attention to green transformation, environmental
responsibility, and low-carbon development before the policy shock are likely to have better information
foundations, managerial cognition, and resource preparation. After the launch of the national carbon market,
these firms may be better able to recognize strategic opportunities embedded in carbon price signals and
transform policy pressure into green R&D action. Thus:

H3: The higher a firm's pre-policy attention to green transformation, the stronger the promoting effect of
the national carbon market on green innovation.

Financing constraints may also shape firms' innovation responses to carbon-market regulation. In general,
firms with lower financing constraints are better able to support long-term green R&D. However, under a
carbon-market regime, highly constrained firms that maintain high-carbon production may face stronger
compliance costs and cash-flow pressure. They may therefore have stronger incentives to reduce future carbon
costs through technological upgrading and green patent deployment. This leads to the following hypothesis:

H4: The promoting effect of the national carbon market on green innovation is stronger among firms with
higher financing constraints than among firms with lower financing constraints.

3. Methodology

3.1 Sample Selection and Data Sources

This study uses A-share listed companies from 2018 to 2023 as the initial sample. The data are obtained
from the CSMAR database and text-based indicators related to green transformation disclosed in listed
companies' annual reports. Industry classification follows the Guidelines for the Industry Classification of
Listed Companies issued by the China Securities Regulatory Commission [15]. After data cleaning, the sample
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contains 35,628 firm-year observations covering 5,938 listed firms. Among them, 96 firms in industry code
D44, namely electricity and heat production and supply, are classified as the treatment group.

Because some financial control variables and carbon emission intensity variables are missing, the baseline
regression, which jointly controls for firm fixed effects, year fixed effects, and firm-level controls, uses 20,425
effective observations. The mechanism test for carbon emission intensity uses 14,248 effective observations.

To reduce the influence of extreme values, continuous variables are winsorized where appropriate.

3.2 Variable Definitions
Table 1: Variable Definitions

Variable type

Variable name

Definition

Green innovation

In_green_total

In(1 + green invention patent applications + green utility-model patent
applications)

Treatment group Treat Equals 1 for firms in industry code D44, i.e., electricity and heat
production and supply enterprises; 0 otherwise

Post-policy period Post Equals 1 for 2021 and subsequent years; 0 otherwise

Core DID term DID Treat x Post

Carbon emission carbon_intensity | Corporate carbon emission intensity; used as the mechanism variable

intensity

Green attention

attention_base

Equals 1 if the firm's pre-policy green-transformation word frequency is
above the median

Low financing lowfc base Equals 1 if the absolute value of the pre-policy SA index is below the
constraints median
Control variables Controls Firm size, growth, cash-to-assets ratio, ownership concentration, ROA,

and Tobin's Q

3.3 Model Specification
The baseline DID model is specified as follows:
Greenlnnovation;; = a + fDID;; + yControls; + u; + A + €;¢ (D

where Greenlnnovation it denotes corporate green innovation; DID it is the interaction between the
treatment group and the post-policy period; Controls it represents firm-level control variables; | i denotes
firm fixed effects; A_t denotes year fixed effects; and € _it is the error term. Standard errors are clustered at the
firm level to address within-firm serial correlation in DID estimation [16]. A significantly positive  indicates
that, after the launch of the national carbon market, green innovation among treated firms increased
significantly relative to control firms.

The mechanism test is conducted in two steps. First, carbon emission intensity is used as the dependent
variable to test whether the DID term significantly reduces the carbon emission intensity of treated firms:

Carbonintensity;; = a + fDID;; + yControls;; + u; + A + &4 2)

Second, carbon emission intensity is added to the green innovation model to examine the relationship
between carbon intensity and green innovation:

Greenlnnovation;; = a + BDID;; + dCarbonintensity;; + yControls; + p; + ¢ + €;¢ 3)

For heterogeneity tests, this study further includes interaction terms between DID and pre-policy green
attention, and between DID and the low-financing-constraint group:

GreenInnovation;; = a + BDID;; + 0(DID;; X Moderator;) + yControlsyy +u; + Ay + & (4)
4. Empirical Results and Analysis

4.1 Descriptive Statistics

Table 2 presents the descriptive statistics. The mean value of In(1 + total green patents) is 0.683, and the
raw count of total green patents varies substantially across firms, indicating obvious heterogeneity in green
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innovation. The mean of the DID variable is relatively small because the treated firms account for a limited
share of all A-share listed companies. The carbon emission intensity variable also shows marked dispersion,
which provides empirical variation for the mechanism test.

Table 2: Descriptive Statistics

Variable N Mean SD Min. Max.
In(1 + total green patents) 35,628 0.683 1.079 0.000 4.466
Total green patents 35,628 5.785 36.666 0.000 1,445.000
DID 35,628 0.007 0.084 0.000 1.000
Carbon emission intensity 18,337 0.462 0.587 0.038 2.267
Firm size 21,963 22.425 1.406 19.616 26.684
Growth 26,130 0.118 0.381 -0.678 2.189
Cash-to-assets ratio 33,088 0.166 0.132 0.006 0.640
Ownership concentration 26,975 0.325 0.147 0.081 0.733
ROA 33,093 0.039 0.092 -0.411 0.265
Tobin's Q 26,607 1.904 1.240 0.813 8.310

4.2 Baseline Results, Mechanism Tests, and Heterogeneity

Table 3: Baseline Regression, Mechanism Tests, and Heterogeneity Analyses

Variable Baseline Mechanism 1 Mechanism | Attention Financing
2 constraints
Dependent variable Green Carbon emission Green Green Green
innovation intensity innovation | innovation | innovation
DID 0.32]%** -0.131%** 0.326%** -0.129 0.4 [#**
(0.077) (0.013) (0.078) (0.134) (0.099)
Carbon emission intensity -0.082*
(0.044)
DID x High attention 0.470%***
(0.155)
DID x Low financing constraints -0.313**
(0.135)
Observations 20,425 14,248 14,248 20,425 20,425
Firm clusters 4,639 3,378 3,378 4,639 4,639
Firm/year fixed effects Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes
Within R? 0.023 0.038 0.026 0.023 0.023

Note: Standard errors clustered at the firm level are reported in parentheses. ***, ** and * denote significance at the
1%, 5%, and 10% levels, respectively.

Column (1) of Table 3 reports the baseline DID result. The coefficient of DID is 0.321 and is significant at
the 1% level, indicating that, after the launch of the national carbon market, the total number of green patent
applications by D44 treated firms increased significantly relative to firms in other industries. Because the
dependent variable is In(1 + x), the result has not only statistical significance but also clear economic meaning;:
the carbon market strengthens firms' incentives to conduct green technology R&D and patent deployment
through allowance constraints and carbon price signals. H1 is therefore supported.

Columns (2) and (3) report the mechanism test based on carbon emission intensity. In the first step, the DID
coefficient for carbon emission intensity is significantly negative, with a coefficient of -0.131, indicating that
the national carbon market reduces the carbon emission intensity of treated firms. In the second step, the
coefficient of carbon emission intensity is -0.082 and significant at the 10% level, suggesting that lower carbon
emission intensity is associated with higher green innovation. This result indicates that the carbon market does
not simply increase firms' compliance burden; rather, it promotes green innovation by lowering emission
intensity and forcing technological upgrading and low-carbon R&D. H2 is broadly supported.

Column (4) examines the moderating role of pre-policy attention to green transformation. The coefficient
of DID x High attention is 0.470 and significant at the 1% level, indicating that firms with greater pre-policy
attention to green transformation show stronger green innovation responses after the launch of the national
carbon market. H3 is supported. Column (5) reports the interaction result for financing constraints. The
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coefficient of DID x Low financing constraints is -0.313 and significant at the 5% level. Because the reference
group consists of firms with higher financing constraints, this finding means that the policy effect is weaker
for firms with lower financing constraints, or conversely, that firms with higher financing constraints
experience a stronger forced-innovation effect. H4 is supported.

5. Robustness Checks

5.1 PSM-DID Matching Balance Test
Table 4: Balance Test after PSM-DID Matching

Variable Treatment mean Control mean SMD before matching SMD after matching
Green innovation 1.569 1.568 0.514 0.001
Firm size 23.581 23.509 0.875 0.050
Growth 0.081 0.088 -0.022 -0.036
Cash-to-assets ratio 0.083 0.087 -0.693 -0.075
Ownership concentration 0.387 0.394 0.395 -0.042
ROA 0.024 0.021 -0.006 0.081
Tobin's Q 1.156 1.168 -0.784 -0.040
SA financing constraints 3.937 3.920 0.149 0.052
Green attention 0.971 0.971 0.587 0.000

Table 4 reports the balance test after PSM-DID matching. The matching variables include pre-policy green
innovation, firm size, growth, cash-to-assets ratio, ownership concentration, ROA, Tobin's Q, the SA
financing-constraint index, and green attention. Nearest-neighbor matching is conducted within the common
support region following the propensity-score matching literature [17,18]. After matching, the absolute values
of standardized mean differences for all covariates are below 0.1, indicating that the treated and control firms
are relatively comparable in observable characteristics and that the matched sample provides a reasonable basis
for subsequent PSM-DID estimation.

5.2 Dynamic DID and Additional Robustness Tests
Table 5: Dynamic DID and Robustness Tests

Variable Dynamic DID | After 2022 | Invention patents | Placebo | PSM-DID
Treat x 2018 -0.116

(0.121)
Treat x 2019 -0.096

(0.100)
Treat x 2021 0.176*

(0.106)
Treat x 2022 0.325%**

(0.102)
Treat x 2023 0.277**

(0.117)
DID (2022 and after) 0.301%**

(0.083)
DID (green invention patents) 0.075
(0.062)
DID (2019 placebo; pre-policy sample) 0.050
(0.083)
DID (PSM matched sample) 0.245**
(0.107)

Observations 20,425 20,425 20,425 8,894 795
Firm clusters 4,639 4,639 4,639 3,365 136
Firm/year fixed effects Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes

Note: Standard errors clustered at the firm level are reported in parentheses. ***, ** and * denote significance at the
1%, 5%, and 10% levels, respectively.
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Table 5 first reports the dynamic DID results. Taking 2020 as the base year, the coefficients of Treat x 2018
and Treat x 2019 are not significant, suggesting that the treatment and control groups did not exhibit significant
differential trends before the policy. The coefficient of Treat x 2021 is positive and significant at the 10% level,
while the coefficients of Treat x 2022 and Treat x 2023 are significantly positive. These findings support the
parallel-trends assumption and indicate that the green innovation response emerged gradually after the national
carbon market began operating.

Several robustness checks are then conducted. First, when the post-policy period is redefined as 2022 and
after, the DID coefficient remains significantly positive. This indicates that the baseline conclusion does not
depend entirely on whether the policy took effect in 2021, the initial year of trading. Second, when the
dependent variable is replaced with green invention patents, the coefficient remains positive but is not
statistically significant. This finding does not reject the baseline result; instead, it suggests structural
differences in the policy effect. After the launch of the national carbon market, firms may first respond through
the quantity of green innovation, while green invention patents, which represent higher-quality innovation,
require longer R&D cycles and greater technical difficulty and may not become statistically significant in the
short run.

Third, a placebo test is performed using only the pre-policy sample from 2018 to 2020 and setting 2019 as
a pseudo-policy year. The placebo DID coefficient is insignificant, indicating that the baseline result is not
mechanically driven by pre-existing trends. Fourth, after PSM matching, the matched sample contains 68
treated firms and 68 control firms, and the DID coefficient remains significantly positive. Therefore, after
accounting for possible sample-selection bias, the core conclusion remains robust.

6. Conclusion and Policy Implications

Using panel data on A-share listed companies from 2018 to 2023, this paper treats the 2021 launch of
China's national carbon market as a quasi-natural experiment and applies a difference-in-differences model to
examine its effect on corporate green innovation. The results show that the national carbon market significantly
increases the total number of green patent applications by D44 treated firms. The reduction of carbon emission
intensity is an important mechanism. Firms with higher pre-policy attention to green transformation respond
more strongly, and firms with higher financing constraints show stronger policy effects than those with lower
financing constraints. Dynamic DID estimates, a pre-policy placebo test, and PSM-DID analysis further
support the robustness of the findings.

The findings have several policy implications. First, China should continue improving the price-discovery
and compliance mechanisms of the national carbon market, thereby strengthening the stability of carbon price
signals and helping firms form long-term expectations for green R&D. Second, regulators should enhance the
quality management of corporate carbon emissions data and assessment of carbon emission intensity, guiding
firms to shift from passive compliance to active technological upgrading. Third, firms should be encouraged
to systematically disclose green transformation targets in annual reports, social responsibility reports, and
strategic plans, so as to strengthen organizational attention and implementation capacity for low-carbon
transition. Fourth, the green innovation needs of firms facing financing constraints should receive more policy
support. Green credit, transition finance, and carbon-asset pledge financing may help reduce the financing cost
of technological transformation [19,20].

This study also has limitations. First, the sample period covers only the first three years after the national
carbon market was launched, and high-quality innovations such as green invention patents may have longer
time lags. Second, the treatment group is identified mainly by industry code, and the analysis does not further
distinguish the actual compliance status of listed companies and their subsidiaries. Future studies may use
firm-level allowance, compliance, and carbon-trading data to identify more precisely the causal mechanisms
linking carbon prices, allowance constraints, and green innovation.
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