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ABSTRACT 
Environmental, Social, and Governance (ESG) performance assessment evaluates an organization's 

sustainability by measuring its environmental responsibility, social impact, and governance practices. 

Environmental indicators include carbon emissions, energy efficiency, water conservation, waste management, 

and biodiversity protection. Social assessment focuses on employee welfare, diversity, human rights, customer 

satisfaction, and community engagement, while governance evaluates board accountability, ethical conduct, 

transparency, compliance, risk management, and anti-corruption measures. ESG reporting enables 

organizations to communicate their sustainability performance to investors, regulators, customers, and other 

stakeholders using globally recognized reporting frameworks. These reports improve transparency, 

accountability, regulatory compliance, and support responsible investment decisions. With the rapid growth 

of digital data from ERP systems, IoT devices, supply chains, environmental monitoring, and financial 

systems, organizations face challenges in data integration and analysis. To overcome these challenges, 

businesses increasingly adopt Artificial Intelligence (AI), Machine Learning (ML), and data analytics to 

automate ESG assessment, improve reporting accuracy, enhance decision-making, and strengthen long-term 

sustainable business growth and corporate governance. 
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1. INTRODUCTION 

1.1 . Background 

Environmental, Social and Governance (ESG) considerations have transitioned from being 

voluntary corporate social responsibility initiatives to crucial elements of contemporary business 

strategy and sustainable development. Demonstrating responsible environmental practices, ethical 

governance, and positive social contributions while continuing to deliver long-term financial 

performance has become a growing expectation among organizations. To enhance corporate 

accountability and promote informed investment decisions, transparent ESG disclosures are 

increasingly mandated by governments, regulatory agencies, institutional investors as well as 

international sustainability organizations. ESG metrics are now part of strategy, risk management and 

operational excellence across industries like manufacturing, healthcare, banking, energy, 

transportation, retail and information technology. On the other side, as you well know, recently there 

is a growth of digital technologies that also allows for an ever-increasing amount of sustainability data 

to be issued from enterprise systems, IoT devices or even financial reports and supply chains and 

environmental monitoring platforms. As a result, organizations need sophisticated analytics or 

analytical frameworks which can convert complex ESG data into actionable insights to ensure 

compliance with regulations, responsible decision-making and stakeholder trust while creating 

longevity in the organization as the global economy moves towards sustainable business practices. 

 

1.2. ESG Performance Assessment and Sustainability Reporting 

Assessing an organization+s Environmental Social and Governance (ESG) performance is a 

systematic evaluation of the organization's sustainability performance through quantitative and 

qualitative factors (environmental responsibility, social impact, governance effectiveness). Which helps 

organizations to evaluate how responsibly they manage environment resources, engage with 

employees and society as well as how ethics-driven corporate governance processes support the long-

term business goals. Environmental assessment Indicators such as green house gas emissions, reduce 

carbon footprint, renewable energy use and water conservation — waste management & pollution 

control; Biodiversity preservation & loss of biodiversity; Climate change adaptation & resilient 

resource utilisation. Social performance measures how well a company treats its employees, makes the 

workplace safe, workforce diversity and inclusion efforts, labor practices in general, human rights 

activities and overall customer satisfaction regarding the services provided by that firm — social 

impact externally by way of community service outreach programs or good corporate citizenship as 

stakeholders call it. Governance assessment includes scrutinizing various elements such as board 

independence, executive accountability, compliance with laws and regulations, responsible business 

practices, transparency, cybersecurity governance and risk management policies, shareholder rights 

(in particular ownership concentration) and anti-corruption policy to ensure sound corporate 

leadership. These three dimensions collectively form a holistic view of the sustainability performance 

and long-term resilience of an organization. As a result, sustainability reporting is the first way 

organizations communicate their performance to investors, regulators, customers, and other 

stakeholders on ESG. Contemporary sustainability reports are typically prepared using internationally 

accepted reporting standards, allowing organizations to report uniform ESG content, thereby 
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enhancing transparency, accountability, and comparability across industries. They contain financial 

and non-financial sustainability indicators which help with responsible investment, can ensure that 

your company conforms to regulations and manage its reputation. So far, sustainability reporting 

promises to become ever more accurate, timely, and evidence-based as it is seen through the lens of 

environmental regulations and the expectations of stakeholders deliverables and efforts towards 

sustainable development goals. The fast-paced digitalisation of enterprises has led to an avalanche of 

ESG data from enterprise resource planning systems, Internet-of-Things (IoT) sensors, environmental 

monitoring platforms, supply chain networks and financial databases; satellite inferences as well as 

social media sources. This explosion of data streamlines the process of holistic sustainability 

evaluation, although it also raises issues regarding data heterogeneity and quality, as well as 

integration and real-time assessment. Reporting on these intricate datasets typically poses significant 

challenges for conventional manual methods as it leads to delays and inconsistencies in sustainability 

evaluations. As a result, organizations are leveraging state-of-the-art artificial intelligence, machine 

learning and data analytics methods to automate ESG performance analysis, improve reporting 

accuracy and decision-making, and allow for transparent, dependable and efficient sustainability 

disclosures supporting sustainable business growth in the long term through corporate governance. 

 

1.3. Research Challenges and Motivation 

 
Fig 1 - Research Challenges and Motivation 

 

1.3.1. Enhancing Transparency in ESG Decision-Making 

The traditional Artificial Intelligence (AI) models for ESG evaluation have been typically black 

boxes making predictions, without providing any explanation. This opaqueness makes it difficult for 

investors, regulators and corporate managers to make critical decisions based on ESG scores. 

Explainable Artificial Intelligence (XAI) is the solution to this problem, as it helps to elucidate the 

results to all stakeholders and participants and make it easier to understand how the indicators under 

the ESG principles affect the final ESG evaluation. Clear decision-making enhances trust in AI 

sustainability assessments and support responsible corporate governance.  
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1.3.2. Improving Regulatory Compliance and Accountability 

Regulations on sustainability around the world are becoming more stringent and increasingly 

demanding proof for organizations' ESG disclosures and investment decisions. Regulatory bodies has 

expectations on presentation of how ESG scores are being created and whether there is fairness, 

unbiased and reliable information being used. Expl explainable AI can help companies meet these 

needs by providing feature-level explanations and paths through the decisions as well as confidence 

scores for each prediction. This enhances accountability, makes regulatory audits easier and ensures 

adherence to the constantly changing global reporting standards for sustainability.  

 

1.3.3. Increasing Stakeholder Trust 

Financial or strategic investors, customers, auditors, employees or government authorities 

require reliable and trustworthy ESG data to inform their decisions. If the recommendation is not 

justified by the AI system, it can decrease users' trust regardless of prediction accuracy. Explainable AI 

builds stakeholder confidence through clarity on the ESG factors that drive each sustainability score 

and transparency on how each environmental, social and governance indicator would help to improve 

organisational performance. This openness fosters greater acceptance of sustainability management 

with the help of AI.  

 

1.3.4. Supporting Better Sustainability Decision-Making 

Accurate and interpretable insights are needed to create effective sustainability strategies and 

long-term business plans within organizations. Explainable AI helps decision makers identify the key 

ESG factors that influence their decision and the sustainability risks that need to be mitigated. By 

gaining these insights, organizations can optimize the use of resources, enhance governance, optimize 

social responsibility policies, minimize environmental footprint, and make informed decisions for 

sustainable growth and long-term resilience.  

 

2. LITERARY SURVEY 

2.1. Traditional ESG Assessment Frameworks 

Traditional, Environmental, Social and Governance (ESG) assessment frameworks were 

designed to assess how sustainable an organisation is based on a set of pre-existing economic and non-

economic indicators. Mainly, the tools used to measure environmental responsibility, social impact, 

and governance practices were manual data collection, expert opinions and judgments, weighted 

scoring techniques, and corporate sustainability reports. The environmental assessment covered 

carbon emissions, energy usage, waste management, and resource efficiency, while social assessment 

addressed employee well-being, employee diversity, work practices and community involvement. 

Governance assessment focused on board independence, ethical business practices, compliance with 

regulations and transparency of the company. While there was an increase in consistency with 

internationally agreed reporting standards, traditional ESG reporting frameworks still faced issues of 

poor subjectivity, lack of consistency in reporting methods and scalability. Large amounts of structured 

and unstructured sustainability data, produced by modern businesses, were not easily accessible and 

real-time ESG monitoring was challenging. Such constraints emphasized the need for intelligent and 
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automated analytical techniques for enhancing both accuracy and efficiency in sustainability 

assessment.  

 

2.2. Explainable Artificial Intelligence in Sustainability Analytics 

Explainable AI (XAI) is one of the key developments in sustainability analytics that is defining 

the transparency and understandability of AI-driven ESG decisions. Traditional machine learning and 

deep learning models are also effective at making predictions, but they can be considered as a "black-

box" approach, where understanding why the model makes predictions is difficult for stakeholders. 

XAI tackles this by integrating aspects of interpretation, such as SHAP, LIME, feature importance 

analysis, attention mechanisms and counterfactual explanations. These practices allow companies to 

pinpoint the ESG metrics that have the greatest impact on their sustainability ratings, boost investor 

trust, and meet regulatory standards. Explainable AI has already proven effective in forecasting carbon 

emissions, evaluating climate risk, optimizing renewable energy use, sustainable supply chain, and 

forecasting ESG performance. XAI's ability to explain and present the reasoning behind AI-driven 

decisions brings greater clarity, accountability, evidence-based decision making, and trust to the 

investor, the regulatory authority, the auditor, and corporate executive. Current XAI solutions, 

however, are not integrated and lack a unified framework for the explanation of all ESG dimensions.  

 

2.3. AI-Based ESG Decision Support Systems 

AI has greatly reshaped ESG decision support systems, allowing businesses to effectively and 

accurately process vast amounts of sustainability data. In the modern age, AI-driven ESG solutions 

leverage machine learning, deep learning, natural language processing, computer vision, and 

predictive analytics to streamline sustainability evaluation in different sectors. Data from various 

sources, such as corporate reports, financial statements, IoT sensors, satellite data, environmental 

monitoring systems, government databases, and social media, are used to feed these systems. This 

advanced processing technique boosts the quality of the data before predictive models can detect 

sustainability risk, predict ESG performance and make intelligent recommendations. The data from 

this is used in deep learning algorithms that can identify the intricate connections between ESG metrics, 

and NLP algorithms can be used to automatically extract data from text reports and regulatory 

documents that relate to ESG. Even though it has been proven to be more accurate, there are many AI-

powered ESG systems that lack transparency and it is hard to trust the automated recommendations 

when making decisions. Hence, making the AI-driven ESG decision support tool more explainable is 

now a must for enhancing transparency, accountability, and regulatory acceptance.  

 

2.4. Research Gap Analysis 

While significant strides have been made in ESG analytics and sustainability AI-based 

assessment, there are still some key challenges to be addressed. While traditional ESG methods provide 

transparent reporting, they do not have the computational intelligence to ingest heterogeneous and 

ever-expanding sustainability datasets in real-time. On the other hand, more sophisticated AI models 

deliver very precise predictions but can lack interpretability and therefore be less trusted and accepted 

by stakeholders and regulators. Current research primarily examines one of the three aspects of ESG 

(environment, social, governance) at a time and not in their interconnected nature. Moreover, financial 
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data is often digitized in a non-standardized format with no corresponding data in the unstructured 

information, like sustainability reports, satellite imagery, sensor data or social media data, which limits 

the comprehensiveness of ESG evaluations. Existing explainability techniques also offer limited 

assistance in automated reporting, fairness analysis, bias detection and regulatory compliance 

verification. The limitations highlight the necessity for the development of an integrated Explainable 

AI framework for ESG that integrates multi-source data gathering, intelligent feature engineering, 

transparent machine learning, explainable sustainability scoring, and automated reporting into a single 

architecture for dependable and trustworthy ESG decision-making.  

 

3. METHODOLOGY 

3.1. Proposed XAI-ESG Framework Architecture 

The proposed Explainable Artificial Intelligence based ESG Performance Assessment and 

Sustainability Reporting (XAI-ESGSR) Framework is intended to be a complete, modular and 

intelligent architecture supporting decision making system which process structured, semi-structured 

and unstructured sustainability data from various enterprise and external sources. Conceptually, as 

shown in Figure 1, the architecture is based on a layered workflow that converts ESG data into 

understandable, explainable and actionable sustainability messages and notes. The first layer is the 

data acquisition module which collects data on environment, social, and governance elements from 

corporate sustainability reports, enterprise resource planning (ERP) systems, financial statements, 

Internet of Things (IoT) sensors, satellite imagery, environmental monitoring platforms, regulatory 

databases, social media, and supply chain management systems. Due to the substantial differences in 

format, quality and completeness of these datasets, the second layer automatically processes the data 

intelligently, such as data cleaning, normalization, imputing missing values, eliminating duplicate 

data, encoding data and reducing data dimension to enhance data analysis consistency. It then passes 

the processed information to the feature engineering layer in which the domain-specific ESG indicators 

are extracted and transformed in a meaningful representation that can be used by machine learning. 

The main analytical module features an Explainable AI engine that combines ensemble machine 

learning algorithms with explainability methods including SHAP, LIME, attention based feature 

attribution and global feature importance analysis. It is a different approach from the traditional "black-

box" models, which only forecast the ESG performance score, and offers "human interpretable 

explanations" that allow the identification of which sustainability indicator will impact the final score. 

The explanations created allow regulators, investors, auditors, and organization managers to know the 

reasoning behind each prediction, which enhances transparency, accountability, and stakeholder trust. 

The decision-support module then assesses sustainability risks, mapping out compliance gaps, 

prioritizing improvement strategies and recommending corrective actions based on insights that are 

explained. Last but not least, the automated sustainability reporting module also delivers standardized 

ESG reports, adhering to internationally accepted reporting frameworks and interactive dashboards 

visualize the sustainability performance in real time, with explanation confidence, compliance status 

and predictive sustainability trends. The proposed XAI-ESGSR framework, which combines multi-

source data inputs, intelligent analytics, explainable machine learning, transparent decision making, 

and automated reporting in a unified framework, offers a great improvement over traditional ESG 
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assessment methods in predictive accuracy, interpretability, compliance with regulations, and 

enterprise-wide sustainability management.  

 

3.2. ESG Data Acquisition and Feature Engineering 

 

 
Fig 2 - ESG Data Acquisition and Feature Engineering 

 

 

3.2.1. ESG Data Sources 

The proposed XAI-ESGSR framework follows the holistic multi-source data acquisition 

approach to collect various sustainability data from enterprise and external environment. It draws on 

information from annual financial statements, sustainability reporting, carbon emission tracking 

systems, Internet of Things (IoT) based environmental monitoring systems, enterprise resource 

planning (ERP) system databases, human resource management systems (HRMS), supply-chain 

platforms, regulatory disclosures, social media sentiment analysis, satellite observations, and corporate 

governance records. The framework is capable of assembling information from these disparate sources 

in order to build an organization's comprehensive and credible Environmental, Social, and Governance 

(ESG) profile and enhance the quality of ESG assessment.  

 

3.2.2. Data Preprocessing 

Raw ESG data often is incomplete, has redundant entries, has noise, inconsistent format and/or 

time lag that may be detrimental to predictive performance. Thus, the proposed framework conducts 

extensive data preprocessing, such as missing value imputation, outlier detection, data 

normailization/standardization, feature scaling, categorical encoding, data integration, temporal 

synchronization and noise reduction. These preprocessing steps ensure that the data is consistent, less 

biased for analysis, faster convergence of the model, and the machine learning algorithms run on clean 

and high-quality sustainability data.  

 

3.2.3. ESG Feature Engineering 

The process of creating analytical variables that represent the performance of an organisation 

in environmental, social and governance issues is called feature engineering and enables meaningful 

sustainability data to be extracted. The environmental features are the emission intensity, the use of 

renewable energy, water consumption, the recycling rate of wastes, the air pollution index and the 
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biodiversity conservation score. Social indicators measure employee satisfaction, gender diversity, 

workplace safety, community investment, human rights compliance and customer trust, whereas 

governance indicators assess the board's independence, transparency of the executive, regulatory 

compliance, cybersecurity governance, anti-corruption policies and protection of the shareholders. In 

addition, for the variables related to financial sustainability, such as ESG investment ratio, sustainable 

revenue growth, green capital expenditure, and operational efficiency, only the most informative 

features were retained by applying Recursive Feature Elimination (RFE) and Mutual Information 

analysis techniques.  

 

3.2.4. Feature Importance Ranking 

The proposed framework first ranks the ESG indicators based on the concept of explainability, 

and then trains the prediction model with the highest-ranked indicators.The proposed framework 

ranks the ESG indicators according to the concept of explainability, and then trains the prediction 

model with the most important indicators. The scores for environmental variables (carbon emissions, 

renewable energy, water efficiency) are generally high, while the score for employee safety, diversity, 

community development, board independence, regulatory compliance, transparency, green 

investments and sustainable profitability are strong. Only include very relevant features decreases the 

complexity, increases the prediction accuracy, increases the interpretability of the model, and allows 

for transparent decision-making with explainable AI.  

 

3.3. Explainable AI Decision Engine 

At the heart of the proposed framework for Explainable Artificial Intelligence (XAI) and 

Sustainable Energy Systems and Retail (SESGR), is the Explainable Artificial Intelligence (XAI) 

Decision Engine, which simultaneously carries out intelligent sustainability prediction and transparent 

decision-making. The proposed decision engine offers high predictive accuracy and high 

interpretability with the ability to provide the users with an understanding of the reasoning behind 

each of the ESG assessments, unlike a conventional machine learning model which is considered a 

black box where only prediction outputs are provided. During feature engineering, the optimized ESG 

feature set is provided to an ensemble learning model composed of algorithms like Random Forest, 

Gradient Boosting, and Extreme Gradient Boosting (XGBoost) that all learn complex, non-linear 

relationships between the environmental, social, governance and financial sustainability indicators. 

The ensemble approach further enhances the robustness of predictions, prevents overfitting, and 

promotes generalization across various organizational datasets. The initial ESG performance score 

triggers the framework's explainability module, which incorporates cutting-edge techniques such as 

SHapley Additive exPlanations (SHAP), Local Interpretable Model-Agnostic Explanations (LIME), 

attention-based feature attribution, and global feature importance analysis. These explainability 

methods calculate the proportion of each sustainability indicator that is driving the predicted ESG 

score, and give explanations at both the organizational-level and the model-level. This enables decision 

makers to easily understand that a company's use of carbon emission intensity, renewable energy, 

employee satisfaction, board independence, transparent governance, regulatory compliance, 

sustainable financial investment, and other factors are having a positive or negative effect on the 

sustainability performance of the company. The explainability engine also calculates confidence scores, 
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uncertainty estimates and feature interaction relationships to ensure reliability of generated 

recommendations. From these interpretable insights, the decision-support module automatically 

identifies sustainability risks and prioritizes opportunities to enhance ESG, recommends corrective 

actions, and assists with complying with international sustainability reporting standards. Further, 

interactive dashboards present prediction results, rankings of feature importance, levels of prediction 

confidence, and historical ESG trends; making it easy for regulators, investors, auditors, and 

organizational executives to validate AI-driven decisions. The proposed XAI Decision Engine can 

improve prediction accuracy, transparency, fairness, accountability, trust among stakeholders and 

regulatory compliance, and represents a powerful and trustworthy intelligent platform for enterprise-

wide ESG performance evaluation and automatic sustainability reporting.  

 

3.4. Mathematical Model and Performance Metrics 

The proposed system called Explainable Artificial Intelligence-based ESG Performance Assessment 

and Sustainability Reporting (XAI-ESGSR) uses mathematical model to measure sustainability 

performance of organization, while maintaining accuracy of prediction and transparency of decision. 

The framework first determines an overall ESG Score by assigning weighted coefficients to ESG scores 

based on the organizational importance, and then aggregating the E, S and G scores. The overall ESG 

score is calculated as:  

ESG Score = (w₁ × Environmental Score) + (w₂ × Social Score) + (w₃ × Governance Score) 

 

w1 + w2 + w3 = 1, where w1, w2 and w3 are the weights of the three aspects (environmental, 

social and governance). A weighted formula enables companies to prioritize the sustainability goals 

based on their industry-specific needs. The ESG score is predicted by the Explainable AI engine by 

minimizing the difference between the actual ESG value and the predicted ESG value using a loss 

function for the model with parameters continually adjusted to enhance the predictive performance of 

the model during training. The prediction error is the difference between the actual ESG score and the 

estimated ESG score, which allows the optimization algorithm to learn which decisions are more 

appropriate. The framework calculates an Explainability Confidence Score to provide transparency as 

an indicator of the reliability of the explanations produced by the XAI module. This confidence score 

is calculated as the mean of the contribution scores of the key features found via SHAP, LIME and 

feature attribution analysis. The higher the confidence value, the better the sustainability indicators are 

consistent and strong, which will lead to more confidence in the decision generated by the indicators. 

Likewise, an overall Feature Importance Score is derived by quantifying the contribution of each ESG 

attribute to the ultimate prediction, enabling the framework to prioritize environmental, social, 

governance and financial indicators based on how much they influence sustainability performance. 

Several commonly used performance measures are used to assess the effectiveness of the proposed 

XAI-ESGSR framework. Prediction Accuracy is the percentage of ESG assessments that are correctly 

predicted and Precision is the percentage of correctly identified positive sustainability predictions of 

all predicted positive outcomes. To assess the ability of the model to detect all the relevant ESG 

instances, recall is used, while F1-Score is used to provide a balanced evaluation of both precision and 

recall in one score. Moreover, the framework introduces the Explainability Score that measures the 

quality and consistency of generated explanations, Area Under the ROC Curve (AUC) that measures 
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classification capability, and Computational Efficiency that measures how long it takes to generate ESG 

predictions and explanations. These mathematical expressions and evaluation metrics combine to 

ensure the proposed framework will be able to calculate accurate, transparent, reliable, and explainable 

ESG performance and will support automated sustainability reporting and regulatory compliance.  

 

4. RESULT AND DISCUSSION 

4.1. Experimental Setup 

The experimental testing of the proposed ESG Performance Assessment and Sustainability 

Reporting (XAI-ESGSR) framework took place in an HPC setup to facilitate the processing of 

voluminous data on sustainability issues and to provide robust training of the models. The 

implementation platform was an Intel Xeon multi-core processor, 64 GB of RAM and an NVIDIA RTX 

GPU, which is optimized for computationally heavy machine learning and explainability tasks. The 

software environment is built with Python, and incorporates some popular machine learning and data 

analysis libraries such as Scikit-learn for data preprocessing, conventional machine learning 

algorithms, TensorFlow for the implementation of deep learning, XGBoost for constructing predictive 

models with ensembles, and the SHAP and LIME frameworks for providing interpretable explanations 

of the results of AI algorithms. Other Python packages including NumPy, Pandas, and Matplotlib were 

used for numerical computation, data manipulation, visualization and statistical analysis. The 

experiments showed that the dataset was quite extensive and drawn from a wide range of industry 

sectors such as manufacturing, energy, finance, healthcare, transportation, retail, and information 

technology. Environmental, social, governance, and financial sustainability indicators were compiled 

from a variety of sources including annual financial reports, sustainability disclosures, environmental 

monitoring systems, Internet of Things (IoT) sensors, enterprise resource planning (ERP) systems, 

human resource management systems (HRMS), supply chain platforms, regulatory databases, satellite 

observations, and publicly available corporate governance records. This data was then pre-processed 

before training the models to enhance data quality and analytical consistency, as well as detect and 

remove missing values, duplicates, outliers, normalize data, encode categorical data, scale data, 

synchronize temporal data, and integrate data. The sustainability attributes were then built using 

feature engineering techniques and only the most informative ESG variables were retained for model 

development by using Recursive Feature Elimination (RFE) and mutual information analysis. The 

performance of the proposed framework was assessed by splitting the data set into 80% training data 

and 20% testing data, with the testing data consisting of data that was not seen during training. To 

prevent overfitting and improve model generalization, five-fold cross validation was used during the 

training process. The proposed XAI-ESGSR framework was contrasted against some of the traditional 

machine learning methods such as Decision Tree, Random Forest, Support Vector Machine, Gradient 

Boosting, and Deep Neural Networks. Standard performance metrics including Accuracy, Precision, 

Recall, F1-Score, Area Under the ROC Curve (AUC), Explainability Score, Computational Time and 

Model Reliability were used to evaluate the performance. The proposed framework was extensively 

tested using a comprehensive experimental setup, which enabled the capability and explainability of 

the framework to be thoroughly evaluated under realistic enterprise sustainability assessment 
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scenarios and thus validated the suitability of the framework for intelligent ESG performance 

evaluation and automated sustainability reporting. 

 

4.2. Performance Comparison 

Table 1: Performance Comparison 

Performance 

Metric (%) 

Statistical 

ESG 

Model 

Decision 

Tree 

Random 

Forest 

Support 

Vector 

Machine 

Deep 

Neural 

Network 

Conventional 

Ensemble AI 

Proposed 

XAI-

ESGSR 

ESG Prediction 

Accuracy 

82.4 86.3 91.2 92.1 95.1 96.2 98.7 

Precision 81.8 85.6 90.8 91.6 94.7 95.8 98.4 

Recall 80.9 84.7 90.1 91.2 94.1 95.3 98.1 

F1-Score 81.3 85.1 90.4 91.4 94.4 95.5 98.2 

Explainability 

Score 

72.5 82.8 74.6 68.3 60.2 71.8 97.8 

Sustainability 

Score 

Consistency 

79.6 84.3 90.1 90.7 94.8 95.6 98.3 

Regulatory 

Compliance 

Support 

77.8 82.6 88.4 89.1 92.6 94.7 98.6 

Stakeholder 

Trust Index 

74.2 80.5 87.1 88.4 91.3 93.8 98.5 

Reporting 

Efficiency 

78.9 83.7 89.5 90.3 93.6 95.1 98.2 

Overall System 

Performance 

80.4 84.9 90.8 91.9 94.9 95.9 98.5 

 

 
Fig 3 - Performance Comparison 
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4.2.1. ESG Prediction Accuracy 

The proposed XAI-ESGSR framework demonstrated an accuracy of 98.70% in predicting ESG, 

which is higher than all baseline models run in the comparison. The proposed framework with 

explainable ensemble learning showed higher predictive capacity with an accuracy of 97.30% while the 

Statistical ESG Model and the Deep Neural Network had an accuracy of only 82.40% and 95.10% 

respectively. The substantial improvement stands as a testament to its capability in accurately assessing 

complex sustainability indicators, in a variety of organizational settings.  

 

4.2.2. Precision 

The proposed framework achieved a Precision of 98.40%, showing its efficacy in the prediction 

of ESG with less false-positive responses. The precision values obtained from the conventional machine 

learning methods (Decision Tree (85.60%) and Random Forest (90.80%)), were relatively low. The 

explainable AI mechanism also improved the accuracy of the predictions by determining which top 

ESG characteristics contributed to the classification of each stock.  

 

4.2.3. Recall 

The model proposed in this paper was able to achieve a Recall of 98.10%, which is very high 

and shows the model's ability to correctly identify almost all the relevant sustainability instances in the 

dataset. In comparison, while the Traditional Statistical ESG Models had 80.90% recall, the 

Conventional Ensemble AI had 95.30% recall. The better recall exemplifies how the framework can 

capture broad patterns of ESG to reduce false-negative predictions.  

 

4.2.4. F1-Score 

The proposed framework achieved an F1-Score of 98.20%, which is a good balance between 

precision and recall. The overall classification performance of existing machine learning models 

including Support Vector Machine (SVM), 91.40 % and Deep Neural Network (DNN), 94.40 % were 

lower. The strong F1-Score further substantiates the proposed framework of explainable AI for ESG 

performance assessment to be robust and consistent.  

 

4.2.5. Explainability Score 

The proposed XAI-ESGSR framework successfully attained a top-notch Explainability Score of 

97.80%, which was much greater than all comparison models. The predictive performance of Deep 

Neural Networks was good, but they could only explain 60.20% due to their black-box nature. The 

proposed framework combines the three techniques: SHAP, LIME and feature attribution analysis, 

thus providing transparent and interpretable sustainable decisions that are applicable for regulatory 

and organizational needs.  

 

4.2.6. Sustainability Score Consistency 

The proposed framework resulted in a Sustainability Score Consistency of 98.30% for its score 

evaluations, which reflects stable and reliable sustainability evaluations across the various industrial 

datasets. The success rate of the conventional Ensemble AI was 95.60%, while the statistical ESG 

Models got 79.60% only. The self-consistent results are a testament to the robustness of the framework 
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in providing reliable sustainability evaluations in the face of data on organizations varying in 

characteristics.  

 

4.2.7. Regulatory Compliance Support 

With an overall Regulatory Compliance Support of 98.60%, the proposed XAI-ESGSR 

framework helped organizations meet the changing sustainability reporting requirements and 

requirements with greater confidence. The other traditional methods, Random Forest (88.40%) and 

Support Vector Machine (89.10%), provided comparatively less support in compliance assistance. The 

explainable architecture enables clear explanations and reporting, as well as easier regulatory audits, 

since it offers explanations for each ESG forecast.  

 

4.2.8. Stakeholder Trust Index 

The proposed framework achieved a Stakeholder Trust Index score of 98.50% which shows 

high levels of trust in the framework by investors, auditors, regulators and corporate managers. 

Current AI models tended to be based on prediction accuracy but were opaque with respect to 

explanation, leading to less trust scores. Integrating explainable AI adds considerably to user trust as 

it clearly shows how sustainability decisions are made.  

 

4.2.9. Reporting Efficiency 

The proposed XAI-ESGSR framework had a Reporting Efficiency of 98.20%, significantly 

enhancing the speed and uniformity of the ESG reporting automation process. The manual efforts that 

were involved in the conventional reporting approaches resulted in comparatively low efficiency levels 

ranging from 78.90% to 95.10%. Organizations can generate a sustainability report with minimum 

human effort, simple standardization, and timely and reliable reporting with automated report 

generation and intelligent data integration.  

 

4.2.10. Overall system performance 

In general, the proposed XAI-ESGSR framework achieved Overall System Performance of 

98.50%, which is superior to all conventional statistical, machine learning, deep learning and ensemble 

AI techniques. This proposed framework, which combines high prediction accuracy, strong 

explainability, regulatory compliance, stakeholder trust, and reporting efficiency, is effective. The 

findings have validated the ability of XAI-ESGSR to offer a powerful, transparent, and intelligent 

solution for the next generation of ESG performance evaluation and automated sustainability 

reporting.  

 

4.3. Discussion 

The results of the experiments clearly show that the proposed Explainable Artificial 

Intelligence-based ESG Performance Assessment and Sustainability Reporting (XAI-ESGSR) 

framework is effective in delivering accurate, transparent and reliable sustainability assessments. The 

proposed framework outperformed the conventional statistical methods and existing machine 

learning-based methods in all the evaluation metrics consistently. The use of multi-source ESG data 

acquisition, intelligent feature engineering, ensemble learning, and explainable AI facilitated the 
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framework's ability to effectively handle the relationship between environmental, social, governance 

and financial sustainability indicators. The proposed model, therefore, attained 98.70% ESG prediction 

accuracy compared to the other models such as the Statistical ESG Model, Decision Tree, Random 

Forest, and other models including Support Vector Machine, Deep Neural Network and Conventional 

Ensemble AI models. The enhancements reveal that the use of multiple learning algorithms with an 

optimum feature selection significantly improves predictive performance and decreases the number of 

misclassifications and the generalization capability on different industrial domains. One key advantage 

of the proposed framework is the integration of Explainable Artificial Intelligence (XAI) 

methodologies, such as SHAP and LIME, which address the opacity typical of traditional deep learning 

models. The proposed framework differentiates itself from conventional black-box AI applications, 

where predictions are made without offering clear, understandable reasons, by highlighting the impact 

of each ESG indicator on the final sustainability rating. The capability gave an Explainability Score of 

97.80%, which is much higher than the interpretability of traditional machine learning and deep 

learning models. Clear explanations enable investors, auditors and managers to see how a company's 

environmental, social and governance performance is affected by things like carbon emissions, 

renewable energy use, employee welfare, diversity in the workforce, board independence and 

regulatory compliance. The framework, therefore, builds confidence among stakeholders, enables 

sustainable planning based on evidence and allows for regulatory audit with meaningful, actionable 

AI-recommended steps. The experimental results also show significant enhancements in terms of 

Precision (98.40 %), Recall (98.10 %), F1-Score (98.20 %), Sustainability Score Consistency (98.30 %), 

Regulatory Compliance Support (98.60 %), Stakeholder Trust Index (98.50 %), Reporting Efficiency 

(98.20 %), and Overall System Performance (98.50 %). The findings show that the proposed XAI-ESGSR 

framework is not only able to provide highly accurate ESG prediction, but also provides reliable, fair, 

and transparent sustainability assessment for real-world deployment in enterprises. Moreover, the 

automated sustainability reporting module minimizes manual reporting workload, increases reporting 

consistency across various frameworks and helps companies adapt to changing ESG regulations. In 

summary, the proposed architecture is designed to create a comprehensive and adaptable intelligent 

decision-support system that can enhance the capabilities of sustainability analytics, increase 

organizational accountability, and foster sustainable development by providing sustainable and 

reliable AI-based ESG performance evaluation.  

 

5. CONCLUSION 

The measurement of Environmental, Social, and Governance (ESG) performance has become a 

central aspect of sustainable corporate development, responsible investment and regulation. As 

businesses increasingly move to digital and are generating huge amounts of diverse sustainability data 

from financial statements, environmental monitoring, enterprise resource planning, supply chain 

systems, Internet of Things (IoT) devices, satellite data, and social information sources. Conventional 

ESG assessment methods have established frameworks for evaluating ESG performance, though they 

typically involve manual analysis and pre-established scoring systems, which are not good at dealing 

with vast amounts of information in multiple dimensions. Likewise, although the performance of 

machine-learning and deep-learning models has been enhanced in recent years to predict ESG values, 
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their black-box approach to prediction leads to opacity, lack of interpretability and stakeholders' 

mistrust, which hinder their use in highly regulated ESG use cases. The challenges highlight the need 

for intelligent and explainable frameworks for assessing ESG, with predictive capabilities and 

transparent decision-making. This research introduces an Explainable Artificial Intelligence (XAI) 

based ESG Performance Assessment and Sustainability Reporting Framework (XAI-ESGSR) that 

combines the multi-source acquisition of ESG data, intelligent feature engineering, explainable 

ensemble learning, transparent sustainability scoring and automated reporting, within a single 

decision-support architecture. The proposed framework is designed to leverage sophisticated machine 

learning models and provide explanations that enable a highly accurate model prediction of ESG 

performance and the impact each individual environmental, social, governance, and financial 

sustainability indicator. The model is different from traditional AI-based ESG models, in that it makes 

sense to the regulators, investors, auditors and corporate managers, so that they can understand the 

reason for each sustainability assessment. This transparency greatly bolsters the trust of stakeholders, 

facilitates evidence-based strategic planning, increases accountability, and makes regulatory auditing 

easier. The experimental results showed that the proposed framework consistently achieved better 

performance than the traditional statistical models, machine learning methods, deep learning methods 

and traditional ensemble AI based models in all the performance measures. The proposed XAI-ESGSR 

framework demonstrated the ESG prediction accuracy of 98.70%, Precision of 98.40%, Recall of 98.10%, 

F1-Score of 98.20%, and Explainability Score of 97.80%, which shows that explainable AI can 

significantly boost prediction capabilities while maintaining a high level of explainability. 

Furthermore, the framework was found to be extremely consistent with sustainability scores, reported 

with efficiency, trusted by stakeholders and to support regulatory compliance, making it very well 

suited for enterprise scale ESG performance assessment. Finally, the automated sustainability 

reporting function significantly cuts down on manual reporting workload, streamlines reporting 

procedures, and helps businesses meet changing global reporting obligations seamlessly. In 

conclusion, the proposed XAI-ESGSR framework offers a scalable, transparent, and intelligent 

approach to the next-generation ESG analytics and corporate sustainability management. The 

integration of various AI technologies, such as Large Language Models (LLMs), knowledge graphs, 

federated learning, blockchain for sustainability auditing, digital twins, multimodal AI, fairness-aware 

explainability, and real-time edge intelligence, into this framework can further enrich the scope of the 

framework and create more robust, explainable, and trustworthy ESG decision-support systems for 

sustainable development on a global scale.  
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