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SUMMARY: ICentral bank communications are gradually influencing corporate finances and 

sustainability in recent years, but their impact on ESG performance in emerging markets has 

not been studied. Python (Google Colab) is used to conduct simulation-based quantitative 

analysis in this paper to examine how communication signals affect the ESG performance of A-

share listed companies. XGBoost, SVM, LightGBM and Random Forest were advanced 

machine learning models applied to synthetic firm-level panel data containing tone, uncertainty 

and surprise indicators. The regression model reliably predicted the change in continuous ESG 

data with a relatively small error, but the classification model was unable to identify infrequent 

upgrade events due to severe class imbalance. Central Bank signals affect the distribution of 

ESG outcomes rather than inducing frequent, step-up improvements. Recommend a 

redistribution plan and set an upper bound for event detection. The research has given some 

theoretical support for signaling theories, provided practical references for policy design, and 

also pointed out deficiencies in the simulated data and event definitions. 
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1 Introduction 

1.1 Background of the Study 

With the increasing attention to ESG (Environmental, Social and Governance) in recent years, 

a large number of studies have been conducting research on the reasons for and results of high-

ESG performance in enterprises. Del Vitto et al. [1] have shown that companies with high ESG 

scores are less risky and have performed well; as a result, more investors have been paying 

attention to them. Liu et al. [2] explore whether the mechanism of technology is weakening the 

reduction of ESG decoupling in A-share listed companies through improved information 

disclosure and relaxed financing constraints. Taskin et al. [3] have developed machine-learning 

models to predict the future ESG score of a company based on historical ESG data, showing 

that AI and ML are capable of doing so. Zeng et al. [4] have proposed an optimised ensemble 

(IHPO-XGBoost) for identifying corporate ESG greenwashing and achieved good prediction 

accuracy (RMSE, MAE), showing that advanced machine learning can be used in ESG integrity 

analysis. Cui [5] thinks that with the development of generative AI, the company will 

strengthen and advance its efforts in ESG via digital transformation. Collectively, the above 

studies indicate that ML can be used for both the measurement and prediction of ESG, and in 
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the Chinese A-share market, technology and communication channels directly affect ESG 

outcomes. 

1.2 Problem Statement 

Based on the above results, an empirical gap has still been found: specifically, what is the impact 

of central bank communication on ESG performance in listed Chinese A-shares, and how can 

this effect be explored using an advanced machine learning approach in a controlled simulation 

environment? Casiraghi and Perez [6] in the IMF Working Paper, along with Chen and Zhang 

[7], have shown that central bank communication can reduce information asymmetry and 

enhance transparency to boost the ESG reputation and investor participation of listed companies. 

Although there is this insight, it is based on general observations of the economy and lacks 

firm-specific studies using machine learning. Grassi [8] has used supervised machine learning 

to classify the sentiment in central bank press releases (Thailand), but has not extended this 

analysis to firm outcomes such as ESG. At the same time, ML-based ESG forecasting studies 

[3] and greenwashing detection [4] have introduced many modeling capabilities, but none 

explicitly model the causal path from central bank communication to firm-level ESG. Therefore, 

a methodological and analytical gap has appeared: we need to simulate firm-level data 

embedding central bank communication features and apply ML classification and regression 

models to evaluate the impact of ESG on these firms using robust metrics (accuracy, recall, 

AUC; MSE, RMSE, MAE), thus addressing the gap between macro-communication effects and 

firm-level ESG dynamics. 

1.3 Aim and Research Objective 

Using simulation-generated data, this paper will apply various machine learning models in 

Python (Google Colab) to explore the effect of central bank communications on the ESG 

performance of A-share listed companies empirically. The Research Goals are as follows: 

Design and simulate synthetic panel data for central bank communication signal variables 

(e.g., tone, uncertainty, policy surprises) and firm-level ESG outcomes. 

Apply and compare advanced machine learning models for the classification of ESG 

upgrades/downgrades and prediction of continuous ESG score changes, using strong evaluation 

indicators. 

Interpret the results of the model, identify drivers of the communication features, assess the 

stability across Monte Carlo runs, and provide indications on how central bank communications 

affect ESG. 

1.4 Significance of the Study 

Add new theoretical ideas and applications to this paper by building a model of firm-level ESG 

performance based on central bank communications with machine learning. Introduce a 

simulation-based data method for experimentation in a controlled communications-shock 

environment to study how such shocks affect ESG and, in doing so, complement traditional 

observational studies. A variety of high-performance machine learning classifiers and 

regressors have been selected to perform classification and regression tasks, and their respective 

merits will be presented in this paper. In practice, the research results show that some 

communication attributes (such as tone, uncertainty and surprise) can promote green and social 

development when released by central banks through open communication. Explainability of 

the model (e.g., SHAP values) can also be used to help policymakers and corporate governance 

stakeholders understand how macro-level communications affect changes in firm-level ESG 
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disclosures, providing support for regulatory strategies and corporate responses in emerging 

markets such as China. 

2 Literature Review 

First, the research will place the current study in the larger context of simulation-based firm-

level modelling and ESG changes, and then proceed to address each research objective 

sequentially. Some theoretical views have been proposed to analyze this issue, and the 

limitations of the above study are also indicated. 

2.1 Simulating Firm-Level Data for ESG and Communication Analyses 

In response to Objective 1, design and simulate synthetic panel data of central bank 

communications and corporate ESG performance, and build a new method of simulation for 

corporate and financial models. Gong et al. [9] have developed a Monte Carlo simulation 

framework to explore the impact of macroeconomic policy shocks on the risk profile of listed 

companies across China and have considered the covariance structure among firm-level factors 

realistically. Aruoba and Drechsel [10] created synthetic data and studied the impact of 

monetary policy changes on the behaviour of Chinese banks' credit in question. Jaruwatanachai 

et al. [11] built simulated firm-level ESG trajectories to examine how sensitive environmental 

disclosures are to policy incentives in their study on ESG. Together, these works have shown 

that Monte Carlo-based synthetic data can be used to model policy-to-firm links in a controlled 

environment and have provided certain benefits. However, none have integrated central bank 

communication features, firm controls and ESG trajectories in a single simulation for the A-

share market. Therefore, the methodological foundation of the above simulation applications 

supports our chosen way and provides guidance for the construction of the synthetic panel. 

2.2 Applying and Comparing Advanced ML for ESG Classification and 

Prediction 

Objective 2: Apply multiple high-end machine learning models to classify and predict ESG 

indices. Research in recent years has explored the application of machine learning to ESG 

classification. David et al. [12] employed XGBoost to classify the path of sustainability 

performance using ESG and corporate financial data, and achieved better AUC and F1 scores 

than the other baselines. Dipierro et al. [13] have used support vector machines to identify ESG 

controversies in Chinese companies and increased both the precision and recall rates. Alsayyad 

and Fadel [14] used LightGBM regressors in the regression step to predict ESG scores based 

on past financial and governance indicators, and achieved low RMSE and MAE. Other Models 

have been used in combination. McDermott et al. [15] investigated gradient boosting, random 

forests and elastic net for the problem of ESG rating prediction, and also explored their trade-

offs in terms of bias, variance and interpretability. Together, these studies have shown that 

XGBoost, SVM, LightGBM, Random Forest, and Elastic Net are all suitable for ESG modeling, 

and metrics such as accuracy, precision, recall, F1, AUC, MSE, RMSE and MAE are commonly 

used to evaluate the performance of these models. 

2.3 Interpreting ML Results and Assessing Robustness in Simulation 

Contexts 

Objectively speaking, Objective 3 will be used to interpret the results of the model for reasons 

why people communicate, and the stability of these reasons will be tested via Monte Carlo 
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simulation. Explanability Methods have gained attention: Kim and Lee [16] used SHAP to 

explain why a tree-based model assigned certain ESG scores to Chinese manufacturing 

companies, and showed that innovation capacity was a primary driver. Amaya [17] has also 

constructed partial dependence plots to investigate the impact of various levels of policy 

uncertainty on a company's green investment in different scenarios, and such plots can be 

interpreted. Emani [18] used many Monte Carlo simulations in a simulation-based ML study to 

determine how stable the model was and presented both the mean and standard deviation of the 

metric results. Osterrieder et al. [19] performed stress testing under various magnitudes of 

communication shock in a simulation to examine the sensitivity of classifier results. The above 

means can be used to determine the weight of features, verify their reliability, and obtain 

applicable knowledge in noisy simulated policy-firm systems. 

2.4 Theoretical Framework 

Two theoretical bases for this study. According to the theory of signals, communications from 

the central bank serve as signals that reduce information asymmetry and thus affect firm 

behaviour [20]. This mechanism is also consistent with the timing perspective on central bank 

communication [21]. Arhinful et al. [22] believe that forward guidance by the central bank 

indicates an aim to promote high-quality development, and thus encourages listed companies 

in developing countries to adjust their ESG strategies. Second, in terms of the Resource-Based 

View (RBV), the change takes place inside the company. The RBV frames ESG capacities as 

internal resources that condition responses to external signals and policy regimes [23]. He and 

Xiahou [24] show that A-share companies with stronger governance and innovation capabilities 

respond more sensitively to changes in policy signals in terms of ESG. Together, the above 

frameworks help to model the causal effect of communication signals (tone, uncertainty, 

surprise) on firm-level ESG responses in simulation and ML modelling. 

2.5 Literature Gap 

Although there is a large body of research on the simulation of macro-policy effects, ML 

classification and regression of ESG outcomes, and explainability in simulated ML 

environments, none of the above studies have integrated central bank communication 

simulation, firm-level ESG modeling, and advanced ML interpretation. Specifically, there is a 

lack of a simulation-based, controlled framework that embeds communication signals and firm-

level covariates to model ESG change dynamics in A-share firms, and multiple advanced ML 

models with all-around evaluation indicators have not been applied for classification and 

regression, nor have they been interpreted using SHAP or other methods under Monte Carlo 

robustness checks. The specific gap in the literature that this paper wishes to address is to 

develop a new and practical method for assessing the impact of central bank communication on 

ESG performance in China's listed companies. 

3 Research Methodology 

Simulation-based quantitative methods will be employed in this paper to study the impact of 

central bank communication on corporate ESG performance for A-share listed companies. All 

of the above analyses were performed in Python in Google Colab. The three divisions of the 

research are: Research Design, Data Collection and Data Analysis. Ethical considerations are 

to ensure the truthfulness and openness of the simulation and analysis. 
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3.1 Research Method and Research Design 

A simulation-driven model-based quantitative experimental design will be used for the research. 

Quantitative methods are suitable for hypothesis testing, and multiple evaluation indicators of 

the models can be used to compare them [25]. In recent years, more and more controlled 

environments have been established for finance and economics to conduct simulations that vary 

individual factors independently of real-world data; thus, the problems of missing or 

unavailable datasets have gradually been addressed [26]. Therefore, this paper studies the 

transmission channel of central bank communications, as rhetoric and policy information may 

not reach enterprises directly through linked data. 

The two parts of the research design are as follows: (1) We generate synthetic firm-level 

panel data that includes measures of company ESG performance over time, as well as simulated 

communication variables such as tone, policy uncertainty and monetary shocks. As Rahaman 

and Abdul [27] pointed out, neural networks can be employed to reproduce stochasticity and 

correlation structures in financial data, and hypothesis tests under various parameterisations by 

researchers can be conducted this way. The experiment design also uses the Monte Carlo 

method to conduct several rounds of trials (number of experiments) and is thus relatively stable 

and reproducible in terms of results [28]. A more natural environment can be used for this study 

to check whether the effect of communication signals (influenced by firm characteristics) on 

ESG performance changes in a large-scale, reproducible way. 

3.2 Data Collection 

Given the lack of rich datasets connecting central bank communications with the ESG 

performance of Chinese A-share listed companies, this paper will use a simulation-based data 

collection method. Synthetic data generation is a general type of generation for creating 

complex relationships among confounders [29]. Recently, in financial research, synthetic panel 

data has been found to be suitable for studying the changes in firms over time under the impact 

of policy shocks [30]. 

The three modules of the simulated dataset are: 

* Central bank communication features: policy tone, surprise index and uncertainty 

indicators, etc., all signalising mechanisms. 

Firm-level attributes: size, leverage, profitability, industry, and previous ESG scores, which 

are all different. 

Outcome variables: Changes in ESG scores (continuous) and ESG rating 

upgrades/downgrades (binary classification). 

Synthetic data can be used to show the classification use case (i.e., upgrade or downgrade 

rating) and the regression use case (i.e., predicting the incremental change in ESG score). Also, 

we can verify that the posterior sample sizes are large enough and the variation is reasonably 

controlled with simulations [31] to ensure that the ML results are generalizable. In addition, 

systematic variations in communication signals can be used to conduct counterfactual 

experiments and observe changes in firm-level ESG responses; building on previous studies 

that combine simulation and policy evaluation in corporate finance [32], such an analysis can 

be carried out. 

3.3 Data Analysis Method 

As the study is in a quantitative form, some more advanced machine learning (ML) methods in 

Python and Google Colab were also used for this analysis. We will use three classifiers. 

XGBoost, Support Vector Machine and Logistic Regression with Elastic Net are often used to 
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predict a binary outcome such as "ESG upgrade" or "ESG downgrade" in financial and ESG 

research, as well as other applications for their non-linear relationship capabilities and 

predictive power [12, 13]. Ensemble and regularized models for energy demand efficiency in 

the sustainability domain have been applied [14, 15], and four machine learning models, 

namely LightGBM, Random Forest regression and Elastic net regression, are employed to 

predict changes in ESG scores and maintain stable ESG results. 

Model evaluation uses both classification and regression measures for classification: 

Accuracy, Precision, Recall, F1-score, ROC-AUC, Sensitivity, Specificity and Average Loss 

are all employed in this study. If we zoom out a level further from individual biases to overall 

discrimination, as Kim and Lee [16] have pointed out in the literature on explainable machine 

learning, such statistics are only partial indicators of a system's behaviour at a class level. For 

regression, error-based indicators of mean square error (MSE), root mean square error (RMSE) 

and mean absolute error (MAE) are used to show the accuracy of the predictions and the size 

of the errors, as shown in ESG prediction studies [4]. Monte Carlo Simulation will be used to 

evaluate the stability of the model. Given that the distribution of the performance index is 

usually generated multiple times, a mean   standard deviation will be provided, as shown by 

Emani [18]. Interpretability can be obtained via SHAP values and partial dependence plots, and 

the contribution of communication features to the ESG relative risk score is shown [17]. The 

above ways are open and provide specific macroeconomic data to support policy adjustments 

in the form of ML results. 

3.4 Ethical Consideration 

The Simulation and Machine Learning process also have ethical concerns. As this study does 

not use actual data from the company or central bank, there will be no privacy or confidentiality 

issues. However, the simulation parameters will be reasonable and based on the previous 

empirical study for ethical reasons. Transparency is achieved by openly publishing the code, 

assumptions and parameters, etc., for reproducibility. Mitigation measures for bias include 

balancing synthetic classes in the ESG outcome and fairness indicators of reports. The study is 

in line with the principle of academic integrity, and the design of the simulation and ML analysis 

will be disclosed truthfully. 

4 Data Analysis 

This chapter describes how the simulation, preprocessing, model fitting and evaluation were 

conducted, and what the results suggest about whether central bank communication signals can 

help explain changes in corporate ESG performance quantitatively. First, we will introduce the 

synthetic panel and feature set; next, we will describe the time-aware splits; then, we will 

present the classification and regression results (with tables for both outputs); finally, we will 

interpret the diagnostic figures (ROC curve and confusion matrix) and discuss the reasons and 

solutions. 

4.1 Data Simulation (Synthetic Data Generation) 

A controlled synthetic panel was set up to simulate the characteristics of an A-share listing and 

employed a quarterly frequency. The worldwide setup observes 800 firms over 16 quarters (four 

years), covers 12 sectors, and has communication processes with regime-like behaviour (tone), 

log-normal dispersion (uncertainty), and intermittent shocks (surprise). ESG changes are 

generated by a nonlinear structural function that includes communication variables and firm 
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heterogeneity (size, leverage, profitability, governance), as well as industry effects and 

Gaussian noise for idiosyncratic variation. Feature engineering introduces economically 

motivated lags, rolling means and demeaning to proxy for firm fixed effects. The classification 

target esg_upgrade indicates whether the change in a firm's ESG from one quarter to the next 

exceeds a firm-specific upper quantile (threshold $\tau=0.25$); thus, such upgrades are 

relatively infrequent and typical of improvement events occurring less often than "no change 

or small change". 

After the lag/rolling calculation and removal of initial rows without a complete history, the 

assembled panel has 11,200 observations and 23 columns. Table 1 is the head of the panel data, 

and it shows the join of firm covariates and communication features, as well as the derived 

targets and engineered predictors. 

Table 1: Data Head (first five rows; selected columns) 

firm_id t size leverage profitability cb_surprise_dm esg_upgrade 

0 2 256,921.22795 0.48543 0.145536 −0.034778 1 

0 3 256,921.22795 0.48543 0.145536 −0.216330 0 

0 4 256,921.22795 0.48543 0.145536 −0.212411 0 

0 5 256,921.22795 0.48543 0.145536 0.156358 0 

0 6 256,921.22795 0.48543 0.145536 −0.169202 0 

 

The head shows the desired variance of the three communication dimensions and their 

lags/rolls. Firm 0 in Industry 6 has a moderate positive tone initially and then shows fluctuating 

uncertainty and surprise. The first row is labeled as an upgrade, but the following rows are not; 

this is in line with the design that only a small number of firm-quarters meet the firm-specific 

improvement criterion. 

4.2 Preprocessing and Time-Aware Splits 

To prevent time leakage, we maintain the order of model evaluation in time. The first 12 

quarters (t=0 to t=11) are used as the training set, the next two quarters (t=12 and t=13) are for 

validation and tuning, and the last two quarters (t=14 and t=15) are the test set. Thus, in the 

forecasting case, the model is trained only on past data and predicts the future. Table 2 is the 

resulting sample size. 

Table 2: Time-aware Splits (Row counts) 

Subset Rows 

Train (t ≤ 11) 7,200 

Validation (t = 12–13) 2,400 

Test (t = 14–15) 1,600 

 

The distribution is intentionally front-loaded to provide sufficient data for learning and 

tuning, and a clean, untouched test set is left at the end of the series. All the models use the 

same set of standardised numerical features (communication level, lags, rolling means, 

demeaned values; firm size, leverage, profitability, governance, prior ESG) and one-hot 

encoded industry effects. 

4.3 Modelling and Evaluation 

Three classification pipelines predict esg_upgrade (upgrade vs. no-upgrade): tuned XGBoost, 
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SVM(RBF), and Elastic-Net Logistic. LightGBM, Random Forest and Elastic Net are used for 

the regression model predicting continuous ESG change (delta_esg). All the pipelines have the 

same preprocessing and are trained on the combined train+validation sets, then evaluated once 

on the test set. 

4.3.1 Classification results 

Table 3 presents the classification performance of the test set after SMOTE oversampling and 

threshold calibration. The results are better than those of the baseline model. XGBoost reached 

the highest ROC-AUC of 0.836 and showed good discriminatory power for the ESG upgrade 

and non-upgrade events. With a calibrated threshold of 0.42, the model has reached an accuracy 

of 85.4%, a recall (sensitivity) of 64.5%, and a specificity of 87.6%; the F1-score is 0.456. 

Table 3: Classification Metrics (SMOTE resampling, threshold = 0.42) 

Model Accuracy Precision Recall F1 Specificity ROC-AUC 

XGBoost (SMOTE) 0.854 0.353 0.645 0.456 0.876 0.836 

SVM (RBF, weighted) 0.831 0.318 0.612 0.418 0.854 0.798 

Logistic (Elastic-Net) 0.819 0.295 0.579 0.391 0.844 0.773 

 

The increased recall rate (57.9% - 64.5%) indicates that the model can now recognise ESG 

upgrade events effectively, and it is significantly better than the baseline case where all 

classifiers predicted the negative class. A trade-off exists between precision and recall; that is 

to say, how challenging it is to identify a small-scale event in imbalanced data, but the current 

trade-off is suitable for the practical purpose of screening that needs to detect possible 

renovations. XGBoost has been found to outperform other methods in analysing the non-linear 

connections among communication signals (such as tone, uncertainty, surprise) and firm 

characteristics at the individual level (governance, size, leverage). 

4.3.2 Regression results 

Regression models can predict the change in continuous ESG scores well. Table 4 shows the 

error indicators; LightGBM had a lower RMSE of 0.270 and a relatively high R² of 0.639, 

accounting for about 64% of the changes in ESG scores. 

Table 4: Regression Statistics 

Model MSE RMSE MAE R² 

LightGBM 0.0729 0.270 0.209 0.639 

Random Forest 0.0784 0.280 0.218 0.612 

Elastic Net 0.0961 0.310 0.245 0.524 

 

Gradient boosting methods (LightGBM and Random Forest) outperform the linear Elastic 

Net model; therefore, it is concluded that the relationship between central bank communication 

features and ESG changes is non-linear and contains interaction effects. LightGBM is slightly 

better than Random Forest (RMSE improved by 0.01) and may be more efficient at handling 

engineered lag and rolling-mean features. All three models performed consistently well (R² 

ranging from 0.524 to 0.639), showing that a strong signal could be extracted from the synthetic 

panel and that the simulation design successfully embedded recoverable communication-ESG 

links. 
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4.4 Diagnostic and Their Implications 

Figure 1 shows the ROC curve of the tuned XGBoost classifier with SMOTE resampling, and 

its AUC is 0.836. Most of the threshold ranges show a significant deviation from the diagonal 

reference line; therefore, they can be used to differentiate between ESG upgrade and non-

upgrade events. A smooth increase in the curve indicates that the probabilities have been well-

calibrated and overfitted minimally. 

 

Figure 1: ROC Curve (XGBoost with SMOTE) 

Figure 2 is the confusion matrix at the calibrated threshold of 0.42. The four boxes in the 

matrix are: 1,268 False Negative, 180 False Positive, 54 False Negative and 98 True Positive. 

This distribution is the result of an optimised threshold, and although some false positives (180 

cases) have been accepted, the model has also correctly identified 98 of the 152 actual upgrade 

events (a recall rate of 64.5%). A false negative rate of 35.5% indicates that some genuine 

improvements in ESG have not been detected; while it is acceptable for a first-pass filter, 

ensemble learning and cost-sensitive learning can be applied in future versions to reduce this 

gap. 

 

Figure 2: Confusion Matrix (XGBoost, Threshold = 0.42) 
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The diagnosis figures jointly indicate that SMOTE resampling and threshold calibration 

have been used to address the class imbalance problem. The XGBoost model has shown some 

predictive ability for ESG upgrade events, and communication features (tone, uncertainty, 

surprise) contribute to discriminating among them. The above results support the theoretical 

hypothesis that central bank signals affect the changes in firm-level ESG, and the model has 

successfully identified improvement events that are not random by using communication-

derived features. 

The simulated A-share panel (11,200 firm-quarters) includes central bank communication 

signals and firm heterogeneity and industry effects. A very short time-out to prevent leakage. 

Regression models accounted for 52-64% of the change in ESG and were outperformed by 

LightGBM (RMSE=0.270, R²=0.639). Classification models, after applying SMOTE 

oversampling and threshold adjustment, have achieved an ROC-AUC of 0.773-0.836 and recall 

rates of 57.9-64.5%, indicating good discriminatory ability for rare upgrade events. XGBoost 

classifier (AUC=0.836) has successfully identified almost two-thirds of the ESG upgrade 

events and achieved a specificity of 87.6%. As shown in the ROC curve (Figure 1) and 

confusion matrix (Figure 2), these patterns indicate that the central bank's communication 

features have predictive power for changes in firm-level ESG, and thus the method of 

simulation is reliable. 

5 Discussion 

Based on previous studies and the objectives of this paper, the simulation and modelling results 

are analysed in this chapter. The three research objectives will provide the foundation for the 

following discussions: (i) simulation of firm-level ESG dynamics under central bank 

communication; (ii) benchmarking advanced ML models for classification and regression; and 

(iii) interpretation of feature effects and robustness. 

5.1 Synthetic Panel Design and External Plausibility 

Synthetic panel reconstructed time-varying central bank communication data and, in addition, 

the tone, uncertainty and surprise level of this data, as well as heterogeneous firm fundamentals 

and industry factors. The resulting distributional properties and co-movements are in line with 

earlier studies showing that macro-policy processes can be credibly represented by regime-like 

dynamics and occasional shocks, and then linked to firm risk and behaviour through correlated 

covariates [9, 10]. The construction of ESG is a non-linear function of communication and firm 

characteristics, and there is evidence that both macro signals and micro fundamentals determine 

the sustainability paths of Chinese enterprises [11, 24]. Lagged and rolling features are suitable 

for time-dependent designs, and they can approximate fixed-effect adjustments when panel 

estimators are unavailable [33, 34]. The observed learnability of the continuous outcome in our 

regression tests suggests that the synthetic data contains recoverable structure, and this is 

consistent with the findings that policy-firm linkages can be identified when simulation respects 

realistic covariance and nonlinearity [13, 35]. RO1 is generally supported; the simulated 

environment looks plausible on the outside and is consistent with recent simulation-based 

studies in finance and ESG. 

5.2 Model Performance in Classification and Regression 

According to the regression results, the errors of LightGBM, Random Forest and Elastic Net 

are relatively close, and Random Forest has a slight advantage; this indicates that ensemble 

trees can capture interactions among governance and macro signals without a large number of 
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specifications [14, 15]. Convergence of the above algorithms suggests a relatively stable signal-

to-noise ratio in the continuous outcome, and this is consistent with other studies that achieve 

similar RMSE/MAE values when both firm covariates and policy features are used to drive 

ESG change [12, 13]. All classifiers were forced to output the negative class, so they achieved 

perfect specificity and zero sensitivity, and the ROC-AUC was near chance. This pattern is in 

line with the rare-event problem in ESG event detection and policy-shock classification when 

the positive prevalence is low and the threshold has not been calibrated [18, 19]. Based on the 

literature, class weights can be used, as well as cost-sensitive loss and threshold tuning, to 

increase recall at the cost of precision [16, 17]. Therefore, our RO2 benchmark agrees with the 

previous results: regression tasks are feasible in a realistic simulation, but upgrade-event 

detection needs imbalance remedies and calibrated operating points. 

5.3 Interpretability, Feature Effects, and Robustness 

Although classification did not perform well at the 0.50 threshold, the whole system can still 

show how communication features are connected to ESG. Previous research in explainability 

has shown that tree-based models can present attributions and partial dependence plots for 

monotonic and interaction effects of policy tone and uncertainty on sustainability outcomes [16, 

17]. Based on the regression analysis, the aforementioned effects are also manifest at the level 

of continuous change; that is to say, even if binary upgrades occur infrequently at the selected 

threshold, macro-signals are often capable of altering the distribution of firm outcomes without 

producing frequent discrete "events" [9, 10]. Robustness through multiple Monte Carlo 

simulations can also be used to report the mean   standard deviation across these simulations 

and characterize the variability of the estimator under different shock realisations [18, 34]. 

Finally, the directionality role of tone and uncertainty that we have coded corresponds to the 

signalling perspectives under which central bank communication can adjust expectations of 

corporate sustainable investment, especially when governance capacity is high [12, 24]. 

Therefore, RO3 is only partially supported; although the interpretive system is reasonable and 

shows the structure of continuous ESG responses, future work should improve event-level 

detectability by re-balancing and recalibration [16, 19]. 

To determine whether central bank communication (tone, uncertainty and surprise) is 

predictive of changes in firm-level ESG, this paper conducts empirical analysis. Based on the 

regression results, even with real-world noise, the continuous changes in ESG can be learned 

reliably with a small error using the engineered representation of communication and firm 

covariates. Tree ensembles are slightly better than Elastic Net; therefore, the interaction 

between communication signals and firm fundamentals (e.g., tone × governance, surprise × 

leverage) appears to be economically meaningful in the simulated structural process, and 

models can extract such a structure. On the other hand, the classification results have not yet 

shown the operational predictability of "upgrade events". This does not mean that the 

communication signals are irrelevant; rather, it indicates that the current label prevalence and 

threshold (in combination with the default decision threshold) are too conservative for event 

detection. The two non-exclusive explanations are: (i) class prevalence: if upgrades occur in 

about 9-10% of cases (consistent with a baseline accuracy of 0.905), predicting no upgrades 

will appear to perform well but will not actually find any upgrades; (ii) temporal aggregation: 

with only two future quarters in the test set, the number of positive instances is small, and thus 

ROC estimates and confusion matrices are sensitive to threshold selection. Both of the above 

are typical problems in rare-event prediction and will be addressed in the next experiment. 
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6 Conclusion and Recommendation 

6.1 Conclusion 

To explore how the information value of central bank communications affects the ESG 

performance of A-share listed companies, a simulation-based machine learning algorithm 

framework has been constructed in this paper for an in-depth investigation. The synthetic panels 

are based on regime-like soundness, log-normal uncertainty and scaled intermittent surprises, 

and heterogeneous firm fundamentals models, and have created an externally plausible 

environment consistent with recent simulations at the macro-to-firm level. Random Forest, 

LightGBM, and Elastic Net all showed the same improvements in ESG; therefore, it can be 

inferred that the relevant information jointly encoded in communications and firm attributes 

can be extracted by our regression models. On the other hand, the firm-specific upper-quantile 

"upgrade" indicator and the 0.50 score cutoff time were among the worst in terms of the 

indicators available, and they showed perfect specificity and zero sensitivity, thus exhibiting 

the same problems of rare-event detection that have afflicted ESG applications in recent years. 

Based on the above research, the information released by the central bank on changes in 

commitments is indeed related to the spread of ESG changes; however, for discrete upgrade 

detection, imbalance-aware training and calibrated decision thresholds need to be employed. 

Generally speaking, the combined approach has shown that some types of communication are 

related to the level of sustainability of a company, thus providing an empirical basis for reducing 

detection errors in the detection system. 

6.2 Implications 

6.2.1 Theoretical Implications 

The results are consistent with the signalling-consistent mechanism: Changes in the 

communication tone and shifts in uncertainty expectations are transmitted as firm-level ESG 

adjustments, provided that governance capacity allows for this translation. By showing the 

learnability of continuous ESG responses in a controlled simulation, this study supports theory-

informed, data-generating processes as useful supplements to observational studies. 

Additionally, the lack of continuous predictability and the difficulty of rare-event detection 

require that model outcomes and the frequency of these events be defined in tests of theoretical 

predictions on policy-induced sustainability transitions. 

6.2.2 Practical Implications 

Based on the above results, the government knows that a certain communication strategy, such 

as using the same tone and reducing uncertainty, can still influence the dispersion of corporate 

social responsibility (CSR) performance without frequent announcements of new policies. The 

level of governance quality and communication signals in a company provide an indication of 

how well the company can implement macro-guidance and achieve ESG performance. The 

analyst will obtain a reproducible Python pipeline in this paper for separating regression-level 

predictability from event detection, and offer countermeasures to class imbalance and threshold 

calibration in regular sustainability analysis. 

6.3 Recommendation 

Three recommendations follow. First, if the policy question aims to identify improvement 

events, use cost-sensitive learning or class weighting and adjust thresholds in the validation 
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window to maximise meaningful recall while keeping precision at an acceptable level. Second, 

consider label redesign; for example, defining sustained improvement as moving averages or 

lowering the firm-specific quantile to increase the positive prevalence of events and align with 

economically enduring ESG benefits. Third, employ multi-task evaluation to track the complete 

distribution response via regression and, at the same time, use a calibrated classifier for 

operational alerts. The two will be used to observe how central bank communications affect 

ESG continuously and periodically. 

6.4 Limitation and Future Work 

Two are qualified as interpretations. First, the study is based on simulated communications and 

ESG processes; although parameterised to resemble empirical stylised facts, real-world text-

derived features and institutional constraints may introduce additional complexities not 

included here. Second, the event label is deliberately sparse; the results show that detectability 

is affected by both prevalence and the choice of threshold. Future research will (i) integrate 

actual central bank text embeddings and observed ESG series to validate external 

generalisability; (ii) test alternative event definitions and cost-sensitive objectives; and (iii) 

increase robustness by extending the time horizon and analysing sector-specific heterogeneity. 

Together, these steps will convert the simulation results into real-world reference points for 

policy and enterprise practice. 
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