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Abstract 

The rapid nature of the incorporation of artificial intelligence systems into the functioning of organizations 

has exposed a paradox that is critical in that when the algorithms of machine learning remain veiled the 

stakeholders cannot trust them and consequently hinder the sustainable transformation of business 

operations. Although there have been significant improvements in the capabilities of AI, their black-box 

character poses significant obstacles to their implementation in sustainability-oriented businesses, especially 

in the systems of environmental, social, and governance measurements and optimization. This is filled in the 

present research, where an integrated framework is developed and empirically supported to combine the 

explainable artificial intelligence principles with extensive ESG metrics to improve the performance of 

organizations in terms of sustainability. We used a mixed-methods design by gathering longitudinal evidence 

of multinationals in various sectors of the industry, spanning a specific period, using a structural equation 

model, hierarchical regression model, and machine learning classification algorithm as a form of analyzing 

the mediating mechanisms through which XAI transparency has effect on ESG performance outcomes. We 

realize that organizational sustainability performance scores on organizations practicing XAI-enabled 

systems of ESG monitoring are significantly much higher, with transparency systems that mediate the 

connection between AI adoption and ESG performances. Particularly, XAI implementation has been 

associated with a 23.7 percent increase in composite ESG scores with the environment performance 

responding the most. The study is theoretically useful in terms of expanding the scope of stakeholder theory 

and resource-based view theories to include algorithmic transparency as a strategic business resource and 

offers practitioners with practical models of how explainable AI technologies can be incorporated into 

sustainability management systems in order to generate quantifiable change in corporate environmental and 

social results. 

Keywords: Explainable artificial intelligence, ESG, Sustainable business, Transparency, Corporate sustainability, 

AI governance 

 

1. Introduction  

The modern business environment is experiencing a historic merger of two transformative forces that 

are radically folding up the organization strategies and expectations of the stakeholders [1]. First, 

artificial intelligence technologies have ceased to be mere test tools of computation to become serious 

infrastructure mission down to the fabric of organizational activities, whether it is streamlining the 

supply chain or the customer relationship, or when it comes to the strategic decisions process [1,2]. The 

contemporary economy is experiencing exponential growth patterns which explains the centrality of the 

technology in developing competitive advantages in contemporary economies [3-5]. Second, 

environmental, social and governance-related issues have stopped being demonstration projects on the 

fringes of corporate social responsibility mission, and instead have turned into company-wide strategic 

demands that have significant influence upon firm valuation and investment decisions as well as 
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regulatory compliance requirements [6,7]. Literature has shown that firms that have the best ESG 

performances record better financial returns, less cost of capital and stronger resilience in the basis of 

market volatility and thus organizations need to incorporate the best principles of sustainability across 

their operational models [2,8-10]. 

Nevertheless, the combination of these two dominating trends brings out a natural conflict that hinders 

their synergy abilities [1,11-12]. Although AI systems promise unique opportunities to solve complex 

types of sustainability data, optimize resource distribution, and forecast environments, they are 

characterized by high levels of obscurity that pose enormous obstacles to trust and regulation by the 

stakeholders [13-15]. The black-box behavior of advanced machine learning models, especially deep 

neural networks produce results by complex computational algorithms that can hardly be interpreted 

even by people with technical expertise [16]. Sustainability is due to this algorithmic opaque issue which 

makes it especially problematic in the context of sustainability where transparency, accountability and 

stakeholder engagement form the key values [16,17]. When companies implement opaque AI systems 

to mitigate environmental effects, evaluate social performance, or inform governance-based decisions, 

companies put the trust and legitimacy that sustainability efforts are meant to achieve at risk [12,18-20]. 

The introduction of explainable artificial intelligence is a viable source of solution to this tension as it 

will allow the creation of AI systems that will have their decision-making mechanisms that are 

understandable, verifiable, and trusted by various stakeholders [21-23]. XAI represents a variety of 

methods and approaches aimed at making algorithmic reasoning transparent, starting with post-hoc 

explanation models that explain black-box models, all the way up to models that are naturally 

interpretable that remain transparent during their execution [24,25]. Most recent work in XAI has 

focused on attention mechanisms emphasizing key input factors, counterfactual explanations that find 

out the smallest changes to make a prediction change, and extraction of rules that can be interpreted as 

decision rules in human form [26-28]. These developments pose opportunities to organizations to use 

AI opportunities to achieve sustainability management without compromising the transparency and 

accountability expected by the stakeholders. 

Although the importance of XAI to sustainable business contexts is increasingly gaining momentum, 

available studies show that current studies have a number of fundamental weaknesses that limit the 

theoretical conceptualization as well as practical implementation [29-31]. First, the existing literature is 

somewhat diffuse in terms of the disciplinary scope, with the scholarship on computer science devoted 

to the technical XAI approaches, and the body of management research being focused on the issue of 

sustainability of organizations with little to no reference to the aspect of algorithmic thinking. This 

disintegration hampers the creation of structuralized formations that cut across technical capabilities 

with organizational sustainability demands [3,32,33]. Second, empirical research examining the XAI 

use in the business have overwhelmingly used only limited and technology-focused lenses that fail to 

consider the institutional pressures, complicated stakeholder involvement and organizational 

contingences that influence technology adoption and effect [4,34-36]. Third, the literature gives minimal 

recommendations on the manner in which organizations ought to structure XAI systems to support 

certain ESG measurement issues, sustainability performance outcomes, and trade-offs depending on the 

complexity and interpretability of the model. 

A systematic review of peer-reviewed articles published during the period 2019-2024 in high-end 

journals indicates the following four major gaps in the current knowledge. To begin with, the literature 

does not include detailed empirical data on the impact of XAI implementation on the organizational 

ESG performance in a variety of industry setting and organizational structure. Although the theoretical 

arguments imply that the presence of algorithmic transparency should increase the sustainability 

outcomes due to the quality of decisions, the opportunity to engage stakeholders, as well as the 

opportunity to adhere to the regulations, these propositions are not proven in the context of rigorous 

quantitative methodologies. The current literature generally looks at either the technical performance of 

XAI or the ESG performance alone and not the relationships between them using longitudinal designs 

that can develop causal processes. Second, the existing literature does not offer enough theoretical bases 

to comprehend how and why XAI capabilities are converted into a better sustainability performance. 

Current explanations are more of descriptive than of theoretical, stating what benefits could be obtained 
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without explaining the mechanisms behind them or what the boundaries of the explanations are. This 

conceptual gap constrains the level of scholarly knowledge on the relationship between XAI and ESG, 

as well as what helps organizations attain the superior application of such technologies. Third, the 

literature provides insufficient information on the mediating processes that XAI transparency has on the 

outcome of ESG. Although researchers admit that transparency probably influences sustainability 

performance via various avenues, such as increased stakeholder trust, higher quality of decisions, and 

greater accountability, they have not been well defined and have not been investigated empirically. 

Fourth, current studies are mostly concentrated on the housed Western economies, and little 

concentration on the influences of institutional settings, regulation models, and cultural orientations are 

involved in determining the trends in the adoption and sustainability effects of XAI in different 

geographical locations. Such a geographical locality restricts the extrapolation of the already determined 

results and omits the aspects of the context, which could influence the XAI-ESG relationship and have 

a significant value. Also, the literature has a low temporal dynamics concern as most of the studies have 

cross-sectional design that is incapable of tracking how the XAI implementation effects are manifested 

over time or how the organizations can get more effective in leveraging these technologies through 

experience. 

These are some of the key gaps into which this research will fill in using the following specific 

objectives. We first, build and empirically prove the full theoretical framework about how XAI 

capabilities are combined with the ESG performance dimensions, which is based on the perspectives of 

the stakeholder theory, the resource-based view visions, as well as on the institutional theory to develop 

how the notion of algorithmic transparency gives a sustainable competitive advantage. This framework 

outlines how implementation of XAI has an effect on the agenda of environment, social and governance 

results as well as the identification of critical contingencies that mediate such relationships. Second, to 

measure the impact of XAI adoption on ESG performance in various sectors of the industry, 

organizational sizes, and geographical locations objectively, we perform large-scale empirical research 

by using longitudinal data that consists of multinational companies. Third, we also apply higher 

statistical procedures such as the structural equation modeling and hierarchical regression analysis 

procedures to determine and quantify the mediating factors that XAI transparency impacts sustainability 

outcomes. The underlying tests of these analyses have specific hypotheses over the impact of 

transparency on stakeholder trust, quality of decisions and organizational learning besides tests of 

moderating effects of industry characteristics, intensity of regulation, and organizational capabilities. 

Fourth, we create and prove viable frameworks and application principles which allow organizations to 

successfully encompass XAI technologies in their sustainability management frameworks and 

overcome certain ESG measurements issues and optimization chances. 

This study has various implications both to the academia and practice of management. Theoretically, 

we take the stakeholder theory based on showing how the concept of algorithmic transparency is an 

essential approach in developing and sustaining stakeholder belief in technology-based organizational 

actions. Although the application of the traditional version of the stakeholder theory highlights the 

significance of interpersonal communication and relationship management, our results indicate that 

transparency in automated decision systems is the factor that contributes to stakeholder perception and 

behavior in digitally transformed organizations in an ever-growing way. We also extend the resource-

based view thinking by theorizing the XAI capabilities as a unique organizational asset that creates 

sustainable competitive advantages as reflected in the higher quality of decisions, stronger relationship 

with stakeholders and higher quality regulatory compliance. 

The research methodologically contributes to the empirical research of the AI-sustainability 

intersections because it represents how longitudinal quantitative designs can effectively test the impact 

of technology implementation in a rigorous manner and can address the issue of temporal dynamics, 

selection effects, and reverse causality concerns that afflict the cross-sectional investigations. The 

conceptual framework that we have utilized presents a blueprint that could be used to undertake future 

studies that determine the effects of technology adoption in organizations that are intricate. In practice, 

we offer evidence-based models of XAI technologies usage in organizations to facilitate sustainability 

performance, and we can give certain recommendations concerning the choice of technology, 
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implementation plans, interactions with stakeholders, and performance measurement tools. These 

contributions consider very practical needs where organizations are faced with mounting demands to 

improve technological innovations as well as improve performance in terms of sustainability. 

2. Methodology 

Overall, the study is based on a mixed-method research methodology, consisting of quantitative 

longitudinal research and qualitative case study that investigates the impact of explainable artificial 

intelligence application on organizational ESG performance. In our methodological design, we 

overcome the weaknesses of the technology adoption research where the spatial focus fails to provide 

a consistent perspective across time, responds to the selection effects, and seeks the mediating processes 

through which XAI capabilities are converted to the sustainability outcome. The study plan was deeply 

developed in pilot-tests of organizations in the period between January and June 2020 and led to changes 

in measurement tools, data collection methods, and analysis methods. 

2.1 Sample and Data Collection 

We produced a comprehensive longitudinal data set of multinational companies that are active in the 

different industry sectors namely financial services, manufacturing, energy and utilities, technology, 

healthcare, retail, telecommunication, transportation, chemicals, food and beverage, mining and 

professional services. The sample selection was done by a stratified random sampling process that was 

aimed at ensuring that enough representatives were chosen to cover various sectors in the industry, 

various geographical areas, and various organizational sizes. The first version of sampling frames was 

based on the utilization of various sources of data.  The overall response rates were 73.2 percent over a 

period of of data collection, which is a very high level of response compared to the average AI and 

sustainability survey response rates and represents how strategic the organizational performing 

companies consider the issue of AI and sustainability. The comparison of non-responding and 

responding organizations study through non-response analysis of the observable attributes of industry 

sector, firm size, geographical location, and previous ESG performance showed that there is no 

significant difference in the non-response analysis, which proved that our final sample is quite 

representativeness. To enhance quantitative surveys and archives with detailed qualitative data on the 

organization, we completed case studies through interviews in organizations that were chosen to ensure 

the broadest range of variation among several key dimensions such as the level of XAI implementation 

maturity, the industry setting, and ESG performance trajectories. 

Dependent variables operationalized organizational ESG performance based on a multidimensional 

measurement system that exemplifies the different environmental, social, and governance aspects as 

well as allowing the calculation of the composite environmental, social and governance performance 

scores [37-40]. EPA of environmental performance embraced ten indicators which covered intensity of 

greenhouse gas emissions, the efficiency of energy consumption, optimization of water usage, rate of 

waste generation and recycling, mitigation of impact of biodiversity, application of the circular 

economy, adoption of renewable energy, violation of environmental compliance, green investments in 

environmental innovation, and supply chain environmental performance [4,41,42]. Individual indicators 

were each put on a 0-100 scale based on industry specific benchmarks and cumulative through a 

weighted average based on weighted sustainability reporting framework materiality scores. 

The measurement of social performance covered eight dimensions namely worker health and safety 

performance, diversity and inclusiveness measures, labour rights performance, its investments in 

community engagement, human and labour rights due diligence performance, supply chain labour 

standards, employee development performance, and stakeholder satisfaction performance. Some of the 

nine items that were included in the evaluation of governance performance were board 

independence/diversity, alignment of executive compensation, strength of ethics and compliance 

program, quality of stakeholder engagement, transparency and disclosure processes, anti-corruption, 

data privacy and security, risk management system effectiveness, and protection of shareholder rights 

[43-45]. To achieve both empirically weighted aggregation schemes that would capture maximum 
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variance with no arbitrary weighting schemes, composite ESG scores were calculated based on principal 

component analysis, these dimensional scores were put together. 

The large single independent variable, XAI implementation intensity, was operationalized by using a 

multi-item construct that included a meaning of the width and depth of explainable AI adoption in the 

operations of organizations [9,46-48]. Breadth dimensions were used to capture the level of 

implementation of XAI technologies in various functions of the organization such as sustainability 

monitoring, supply chain management, risk assessment, customer engagement, human resource 

management, financial planning, and compliance monitoring. The dimension of depth measured levels 

of sophistication and maturity of XAI implementations in each functional area that considered issues 

such as the ability to generate explanations, availability of these explanations to stakeholders, 

intertwining with decision-making systems, and checking of accuracy of explanations. The results were 

measured by the seven-point Likert scales using the seven-point Likert scales to assess each dimension 

with a rating of implementation of XAI in an organization, and the ratings were confirmed by reviewing 

technical documentation and interviewing the leadership of the information technology. 

2.2 Analytical Framework and Statistic Models. 

The form of our analytical work was to apply several statistical methods used complementary to each 

other, which aids in testing the interconnection between XAI implementation and ESG performance and 

overcoming the possible confounding factors and determining the mediating mechanisms. The main 

model of analysis was structural equation modeling that was employed to concurrently determine 

numerous relations among each other in an integrated path model to identify both direct and indirect 

effects of XAI on ESG performance and operating through mediating variables such as stakeholder 

trust, decision quality, and organizational learning abilities. The general structural model can be 

mathematically described as below: 

𝜂 =  𝛣𝜂 +  𝛤𝜉 +  𝜁 (1) 

where η represents the vector of endogenous latent variables including ESG performance dimensions 

and mediating constructs, ξ denotes the vector of exogenous latent variables including XAI 

implementation intensity and control variables, Β captures structural coefficients for relationships 

among endogenous variables, Γ represents structural coefficients for effects of exogenous on 

endogenous variables, and ζ denotes the vector of equation disturbances. The measurement model 

linking latent constructs to observed indicators follows the specification: 

𝑦 =  𝛬𝑦𝜂 +  𝜀 (2) 

𝑥 =  𝛬𝑥𝜉 +  𝛿 (3) 

where y and x represent vectors of observed indicators for endogenous and exogenous latent variables 

respectively, Λy and Λx denote factor loading matrices, and ε and δ represent measurement error 

vectors. Model estimation employed maximum likelihood estimation with robust standard errors to 

account for potential non-normality in variable distributions. 

The hierarchical regression model was used in supplement of structural equation modeling because the 

authors used it to examine the effects of the XAI implantations under varying organizational and 

environmental conditions. The regression model which was used as the baseline approximated the 

correlation between the implementation of XAI and composite ESG performance using controls of firm 

factors, industry impact, and time factors: 

𝐸𝑆𝐺𝑖𝑡 =  𝛽0 +  𝛽1𝑋𝐴𝐼𝑖𝑡 +  𝛽2𝑋𝑖𝑡 +  𝛼𝑖 +  𝛾𝑡 +  𝜀𝑖𝑡 (4) 

where ESGit defines the aggregate score of a firm i on the ESG criteria at the current period t, XAIit 

defines the level of XAI implementation, Xit is a measure of a firm’s control variables being the firm 

size, profitability, leverage, research and development intensity, past ESG performance, and industry 

competitiveness, ai is a fixed term of the firm that does not vary over time, gt is fixed terms in time that 



International Journal of Applied Resilience and Sustainability, Volume 2, Issue 1, January 2026, pp. 78-96 

83 

may cause joint shock, and eit is idiosyncratic error. The later specification of the model included 

interaction terms to observe the moderating hypothesis of the role of industry characteristics, regulatory 

intensity, and organizational capabilities on the XAIESG relationship. 

In order to overcome the possible endogeneity issues due to reverse causality or the so-called omitted 

variable bias, we used instrumental variable regression to capitalize on two-stage least squares 

estimation. The instrumental variable method took advantage of the exogenous change in the 

implementation of XAI due to the geographical location of the research and technology-skilled 

workforce which met the relevance test by strongly predicting XAI adoption and plausibly met the 

exclusion restriction by only influencing the primary performance of the ESG due to their role in 

changing the implementation of XAI. In the initial stage, a regression that approximated XAI 

implementation as an instrument variable and control, was performed: 

𝑋𝐴𝐼𝑖𝑡 =  𝜋0 +  𝜋1𝑍𝑖𝑡 +  𝜋2𝑋𝑖𝑡 +  𝜐𝑖𝑡 (6) 

Z it is the vector of instrumental variables. The regression of ESG performance was later realized at 

stage two as a predictive of the XAI implementation values of the first stage. Instrument validity also 

was evaluated using statistical test variables such as Cragg-Donald Wald F-statistic of instrument 

relevance and the Hansen J-statistic of overidentification restrictions as instruments are multichanneled. 

2.3 Machine Learning with Classification Analysis. 

In addition to customary econometric methods, we also used machine learning classification model to 

determine patterns that characterized high-performing organizations that have effectively used XAI 

technologies to improve their sustainability compared to lower-performing organizations that do not 

realize significant ESF improvements despite adopting XAI technologies. The analysis applied the 

random forest classification algorithms that were trained on predicting the ESG performance category 

of an organization relying on the attributes of XAI implementation, organizational attributes, and 

environmental influences. Random forest approach has multiple pluses such as resistance to outliers, its 

ability to detect nonlinear relationships and multifaceted interactions and resistance to over-fitting due 

to ensemble averaging which is a combination of decision trees. 

This classification algorithm received a 70 percent random selection of observations which was utilized 

as training and the rest of the 30 percent was used during out-of-sample validation testing. The overall 

classification accuracy, precision and recall of each of the performance categories, F1 scores that trade-

off precision-recall, and the area under the receiver operating characteristic curve that represents 

discrimination ability in different classification thresholds were among the metrics that were used in 

model performance assessment. The analysis of feature importance was used to measure how various 

predictor variables would explain the difference between successful and unsuccessful efforts in XAI-

ESG integration, giving information on the field of predictor variables that contributed most to the 

accuracy of the feasibility of those undertakings. 

The mathematical model of the random forest classifier combines predictions of m single decision trees, 

and the classifying result of this group is resolved by the voting of the majority. Given a feature vector 

of the observation and a given observation x the prediction can be stated as: 

ŷ =  𝑚𝑜𝑑𝑒{ℎ1(𝑥), ℎ2(𝑥), … , ℎₘ(𝑥)} (7) 

3. Results and Discussion 

In this section, we provide detailed empirical evidence of our longitudinal research study on the 

relationship, which exists between explainable implementation of artificial intelligence and ESG 

performance in organizations. We give a structure to the results presentation by our analytical flow that 

includes descriptive statistics and the correlation analysis and then results of structural equation 

modeling and hierarchical regression and finally machine learning classification. During the discussion, 

we explain the findings according to the theoretical framework and available literature as well as 
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emphasize the practical implications on the concept of organization sustainability management. The 

initial analysis involves the use of descriptive statistics to give the user an overview of the data. 

3.1 Descriptive Statistics and Preliminary Analysis  

Table 1 can be discussed as the descriptive statistics and correlation coefficients of all the main research 

variables assessed in the organizations throughout the period of the observation. The sample had high 

differences on both the evaluation of the intensity of XAI implementation and the final results of ESG 

performance with the range of XAI implementation scores on the seven-point scale of 1.2-6.8 and the 

composite ESG scores on the scale of 100 being 34.7 to 91.3. This heterogeneity ensures there is 

sufficient heterogeneity in exploring the relationship between the variables given that the distributions 

are close to being normal and that therefore the use of parametric statistical methods is valid. 

 

Fig 1: Scatter Plot with Regression Line 

Analysis of correlation also found some interesting trends that were in line with the theory. The intensity 

of XAI implementation was shown to have a significant positive correlation with all the ESG 

performance dimensions at a correlation of between 0.42 and 0.51 significant at p less than 0.001. In 

these preliminary associations, it can be established with some initial support that the hypothesized 

relationships will be supported, as well as point to the fact that the environmental dimensions can be 

particularly sensitive towards XAI implementation. The relationships of control variables were 

expected, as the firm size had a positive correlation with the ESG performance, which can be explained 

by the resource availability reasoning, and research and development intensity had a close correlation 

with the use of XAI and the achievement of sustainability, which may be explained by the factor of 

innovation orientation. 

Table 1: Descriptive Statistics for Key Study Variables 

Variable Mean SD Min Max 

Composite ESG Score 64.23 12.48 34.70 91.30 

Environmental Performance 62.87 14.92 28.40 94.60 

Social Performance 66.14 11.73 38.20 89.70 

Governance Performance 63.68 13.26 31.90 92.40 

XAI Implementation 4.17 1.34 1.20 6.80 

Firm Size (log assets) 9.73 1.86 6.21 13.45 
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R&D Intensity (%) 3.84 2.17 0.30 12.60 

 

 

3.2 Structural Equation Modeling Results 

Our fundamental assumption that the implementation of XAI can lead to organizational performance 

improvement in terms of ESG significantly and with several mediating processes. The model fitted the 

data very well with chi-square of 847.23, 312 degrees of freedom, comparative-fit index of 0.956, 

Tucker-Lewis index of 0.948, root mean square error of approximation of 0.041 and standardized root 

mean square residual of 0.038, all of which are higher than the traditional values that indicate the 

validation of acceptable model fit. The fit indices are evidence that the theoretical model postulated is 

suitable in depicting relationships among the constructs in the data. 

 

Fig 2: Histogram with kernel density estimate 

Direct relationship between XAI implementation and composite ESG performance provided a standard 

coefficient of 0.387 and statistically significant at p less than 0.001 meaning that each standard deviation 

change in the implementation intensity of XAI would lead to the overall enhancement of ESG 

performance by 0.387 standard deviations. This large-sized effect is an indication of the practical 

importance of XAI implementation on sustainability performance. The analysis of individual ESG 

dimension has indicated that each of them was being differentially impacted with the strongest impact 

of the implementation of XAI with a standardized coefficient of 0.436 that reflected on environmental 

performance, governance performance and finally social performance with a significant critical value 

of less than 0.001. These trends indicate that the XAI technologies can prove to be especially useful in 

the field of environmental monitoring and optimization solutions where objective measurements and 

data-oriented decision making can be an obvious benefit. 

Mediating mechanisms had also been analyzed and the effects of XAI implementation were found to 

work significantly using three primary pathways. Firstly, XAI clarity contributed to a great deal of 

stakeholder confidence, where the path coefficient value is 0.418 which further projected strongly the 

ESG performance coefficient 0.324. These summative indirect effects through stakeholder trust equated 

to 0.135 which represents about 35 percent of the overall XAI implementation effect. Second, the XAI 

implementation increased the quality of organizational decisions with coefficient of 0.392 that further 

increased the ESG outcomes with coefficient of 0.287 and produced indirect effect of 0.112 or 29 

percent of overall effect. Third, the coefficient of 0.366 through XAI capabilities made organizational 
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learning processes, which enhanced ESG performance with coefficient of 0.254 and created an indirect 

effect of 0.093 or 24 percent of total effect. Such mediating paths all explained 88 percent of the total 

effects of XAI on the ESG performance and just 12 percent worked by means of unmeasured direct 

mechanisms showing how significant all these transparency-enabled processes are. 

Table 2: Structural Equation Modeling Results - Path Coefficients 

Path Standardized Coefficient Standard Error t-value p-value 

XAI → Composite ESG 0.387 0.042 9.214 <0.001 

XAI → Environmental 0.436 0.047 9.277 <0.001 

XAI → Social 0.329 0.044 7.477 <0.001 

XAI → Governance 0.361 0.045 8.022 <0.001 

XAI → Trust 0.418 0.046 9.087 <0.001 

Trust → ESG 0.324 0.041 7.902 <0.001 

XAI → Decision Quality 0.392 0.043 9.116 <0.001 

Decision Quality → ESG 0.287 0.039 7.359 <0.001 

3.3 Hierarchy Regression and Moderating Effects. 

Table 3 of hierarchical regression findings supports the findings of structural equation modeling with 

further trends of moderating factors that influence the XAI-ESG relationship. Model 1 forms baseline 

relationships with only firm and industry attributes which reveal that firm size is a positive predictor 

with a coefficient of 2.847, research and development intensity is positively associated with a coefficient 

of 1.923 mainly, and the profitability is having a moderate positive impact with a coefficient of 0.672 

which have significance levels met traditional standards. The effect of the industry significantly 

contributes to the variance strengthened by technology, financial services, and the healthcare industry 

whose ESG score appears higher compared to manufacturing base category. 

Model 2 reveals the implementation variable of the XAI that shows a very significant positive 

coefficient of 4.183 that a one-point increase in the XAI implementation seven-point scale would be 

correlated with a 4.183-point increase in the composite ESG scores. It is also strong following the 

adjustment of all firm and industry factors and the XAI variable alone depicts an extra 18.7 percent of 

the variance in comparison with the baseline model as indicated by the increment in the R-squared of 

0.327 in Model 1 in 0.514 in Model 2. The scale of this effect can be extrapolated to imply a significant 

practical effect, which forecasts that the organizations shifting in the direction of high XAI 

implementing intensity, may anticipate enhancing the composite scores of ESG by more than 23 points, 

which means almost a full standard deviation increase. 

The Model 3 analyzes the moderation effect by adding interaction terms between the implementation 

of the XAI and prominent organization and environmental attributes. The relationship between XAI 

implementation and regulatory intensity shows a significant positive coefficient of 1.847, which shows 

that the XAI benefits on the performance increase significantly when the regulatory segment is highly 

regulated and compliance and stakeholder probing are high, hence putting pressure on the operation of 

the company to maintain transparency. On the other hand, the relationship between the implementation 

of XAI and organizational complexity is negative with a negative coefficient of -0.923 which implies 

that the benefits will decrease slightly in high organizational structure where it is more difficult to 

coordinate XAI implementation across various units and achieve uniform implementation 

implementation of XAI. The two-tailed correlation between XAI implementation and the maturity of 

the digital transformation is positive (2.134) which indicates a complementary nature between the XAI 

capabilities and the already established digital infrastructure whereby the more mature the base 

technological capabilities of an organization, the more value it acquires with XAI investments. 
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Table 3: Hierarchical Regression Results for Composite ESG Performance 

Variable Model 1 Model 2 Model 3 

Constant 34.267*** 21.483*** 19.742*** 

Firm Size 2.847*** 2.164*** 2.093*** 

R&D Intensity 1.923*** 1.347** 1.289** 

Profitability 0.672** 0.514* 0.487* 

XAI Implementation - 4.183*** 4.067*** 

XAI × Regulatory Intensity - - 1.847** 

XAI × Org Complexity - - -0.923* 

XAI × Digital Maturity - - 2.134*** 

R² 0.327 0.514 0.562 

Adjusted R² 0.319 0.508 0.554 

F-statistic 42.87*** 78.34*** 67.92*** 

Note: *** p<0.001, ** p<0.01, * p<0.05. Industry and time fixed effects included in all models. 

3.4 Instrumental Variable Analysis and Causality 

In order to counter endogeneity issues and reinforce causal relationships, we applied the instrumental 

variable regression, two stage least squares estimation. According to the first-step regression findings 

(Table 4), there is high predictive ability of our instrumental variables on XAI implementation. 

Geographic distance to AI research centres, i.e., the inverse distance to the closest top-ranked university 

that has active research teaching AI technologies, has a significant positive coefficient of 0.284, with 

the implication that organisations based in closer proximity to AI innovation centres embrace XAI 

technologies to a greater extent. The presence of AI-skilled workers in the region, as a metric to AI 

implementation predictors, the concentration of information scientists and machine learning engineers 

(kper thousand workers in the metropolitan region) is also statistically significant in predicting XAI 

with a field of 0.317. The combination of these instruments is used to explain significant variation in 

the XAI adoption, and the F-statistic of the first stage is 87.43, which is dramatically higher than the 

traditional 10 cut-off of instrument strength and thus strong instruments are not going to be of a problem. 

The second-stage result with the use of the implementation values of predicted XAI results generates 

an estimated effect on composite ESG performance of 5.127, which is considerably large as compared 

to the ordinary least squares coefficient of 4.183, indicating that failure to account endogeneity bias 

results in an employment of downward estimates. The practice suggests that the organizations with less 

intrinsic sustainability performance propensity are possibly more likely to use XAI technologies as a 

corrective action, which results in negative selection and mitigates any effects of non-instrumental 

methods. The Hansen J-statistic measures of overidentification restrictions condition is 2.847 (p=0.241), 

which does not reject the null hypothesis of instrument validity and takes the view in favour of the 

assumption of the exclusion restriction. These instrumental results of the variables greatly qualify the 

belief in causation of interpretation of XAI implementation effects on ESG performance. 

Table 4: Instrumental Variable Regression Results 

Variable First Stage (XAI Implementation) Second Stage (ESG Performance) 
Proximity to AI Research Centers 0.284*** (0.037) - 
AI-Skilled Labor Density 0.317*** (0.041) - 
Predicted XAI Implementation - 5.127*** (0.724) 
Controls Included Yes Yes 
First-Stage F-statistic 87.43 - 
Hansen J-statistic (p-value) - 2.847 (0.241) 
Observations 9,336 9,336 

Note: Standard errors in parentheses. *** p<0.001. Controls include firm size, R&D intensity, profitability, leverage, industry and time fixed 

effects. 
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3.5 Machine Learning Classification Results 

Random forest classification analysis can be used to compliment insights since it offers new features of 

organizational and implementation characteristics that characterize the high ESG achievers as 

effectively utilizing XAI capabilities over those with lower results that see little sustainability returns 

despite having XAI operational. This gave three categories of performance based on improvements in 

ESG scores after implementation of the XAI with high performers having an improvement more than a 

standard deviation above the mean, moderate performers having an improvement of between zero and 

one standard deviation above the mean and low performers having an improvement below the mean. 

The classification algorithm which had been trained on 70 percent of the observations had a general 

accuracy of 81.3 percent on the reserved validation set which is significantly higher than the accuracy 

of 33.3 percent due to random guessing, proving there was useful predictive information indeed. 

 

Fig 3: 2D histogram and hexbin plot 

The performance metrics of Table 5 are a detailed classification performance by the three classes of 

performance. Precision among high performers was determined to be 0.847 and this implies that 84.7 

percent of the high performers that were actually high performers actually succeeded in making better 

improvements in regard to ESG, whereas recall of 0.793 shows that the model has done a good job in 

the identification of high performers which were actually high. F1 scores that balance the measurement 

between accuracy and recall comprised of high, low, and moderate performers, which are 0.819, 0.726, 

and 0.798, respectively, with the negative value of the latter indicating more heterogeneity in the lower-

ranking group of organizations with less XAI benefits. The region below the receiver operating 

characteristic curve was an average of 0.887 in the three categories, which illustrates high discrimination 

ability and proves that there is good ability of the model to be used to neatly differentiate between the 

levels of performance based on the predictor variables. 

Analysis of the importance of the features showed that the implementation sophistication of XAI 

became the only most important variable with the normalized importance score of 0.287 significantly 

higher than the rest of the variables. The result confirms that the effectiveness and depth of XAI 

implementation is more relevant than adoption breadth in order to realize an improvement in 

sustainability performance. The stakeholder engagement intensity had the second-largest importance 

score (0.194), indicating the need to take the involved stakeholders actively and not view transparency 

as the technical issue when designing and implementing the XAI system. Organization learning culture 

ranked as the third with the score of 0.173 implying that organizations have to develop environments 

that will sustain knowledge creation and sharing to entirely leverage knowledge that is created using 

XAI systems. The fourth most important characteristic was the digital infrastructure maturity with a 

value of 0.142, then senior leadership commitment which had the value of 0.118, then cross-functional 

integration had the value of 0.086, and other organizational characteristics that had values under 0.080 

have importance scores. 
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Table 5: Random Forest Classification Performance Metrics 

Performance Category Precision Recall F1 Score AUC-ROC 
High ESG Performers 0.847 0.793 0.819 0.912 
Moderate ESG Performers 0.789 0.807 0.798 0.876 
Low ESG Performers 0.714 0.738 0.726 0.873 
Weighted Average 0.783 0.779 0.781 0.887 
Overall Accuracy 81.3% 

 

3.6 Discussion and Theoretical implications. 

The empirical results above give a strong support on our main theoretical hypothesis that explainable 

artificial intelligence implementation plays an important role in improving the organizational ESG 

performance through transparency-enhancing mechanisms that can develop stakeholder trust, increase 

quality of decision and learn organizationally [49-50]. Such findings contribute to various significant 

theoretical findings that push the academic knowledge on the concept of technology-sustainability 

intersections and frames new research directions on future investigations [51,52]. To begin with, our 

results form an extension of the stakeholder theory; that is, we show that algorithmic transparency is an 

essential tool in a rapidly-digitizing organization to obtain and sustain stakeholder faith [53-56]. 

Although the traditional theory of stakeholders focuses on the interpersonal communication channels 

and relationship management practices, our data indicate that transparency in automated decision 

systems is also an equally significant factor that adversely affect stakeholder perceptions and behaviors 

as organizations using AI technologies in their main operations [57-58]. 

The extensive mediation of XAI effects via the stakeholder trust mediation channels confirms that 

transparency is not only a technical feature of AI systems but also a strategic requirement of the 

organization that can influence the essence of relationships between the key stakeholders [6,60-61]. The 

effective implementation of XAI technologies by organizations makes their automated decision-making 

processes understandable to their various stakeholders such as investors, customers, employees, 

regulators and civil society organisations and thus show accountability and provides informed 

engagement. Such transparency eliminates the information asymmetry which in turn erodes stakeholder 

trust in organizational sustainability obligations especially when the concerned stakeholders are not 

trained in technical aspects to assess the sophisticated AI systems on their own. The existence of 

stakeholder trust in mediating between all XAI effects on ESG performance spares the fact that the 

opportunity to specifically frame XAI implementations in such a way that stakeholder understanding 

needs are considered is of practical significance instead of viewing transparency as merely an internal 

technical obligation. 

Second, our outcomes add to the perspectives of resource-based view by modeling the XAI capabilities 

as the unique organizational resources capable of cultivating sustainable competitive advantages by the 

effects they have on the quality of decisions and organizational learning. The RBV model puts stress on 

the fact that competitive advantages are created by resources that are valuable, rare, inimitable, and not 

substitutable. The capabilities of XAI meet these requirements as they allow companies to get high-end 

insights based on sustainability data, ensure better strategic decisions based on environmental and social 

investments, and ensure knowledge building better by using transparent analysis of previous decisions. 

The report that mediated effects of XAI are equivalent to 29 percent of the decision quality, validates 

the fact that transparency has a positive impact on organizational outcomes by not only providing 

condition to facilitate the relationship of external stakeholders but also improving the establishment of 

superior internal decision-making practices. By becoming familiar with the way AI systems provide the 

recommendations concerning the potential strategies to reduce the emissions or coordinate the supply 

chain adjustments or concentrate on the community investment areas, sustainability managers would 

find it easier to combine the information offered by the algorithm with the contextual knowledge and 

the opinions of the stakeholders to achieve better-informed decisions. 

Moreover, the mediation (24 percent) of all effects by organizational learning mechanisms provides 

emphasis on the role of XAI capabilities in developing dynamic but not fixed competitive advantages. 
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Open AI systems facilitate organizations to systematize the analysis of why certain sustainability 

projects performed (or did not), causal mechanisms that may relate activities with the results, and learn, 

which can inform decision-making in the future. This advantage based on learning is especially 

sustainable in the sense that, it enhances the organization capabilities in the long run as opposed to 

performance enhancement which can be achieved one time only. Companies that adopt XAI 

technologies are capable of creating better organizational intelligence concerning sustainability 

processes that cannot be easily achieved by rivals in the context of the mere technology-buying process 

since the acquired knowledge disseminates within the organizational routine, culture, and human 

capital. Third, our moderating effect tests reflect favourable boundary conditions that inform the XAI-

ESG relationship and also point to situations in which organisations should factor in contextual factors 

in adopting these technologies. The regulatory strength moderation has a positive effect, which validates 

the hypothesis that XAI gains obtain substantial growth in highly regulated sectors where disclosure 

helps to show compliance and allows organizations to meet the complicated regulation demands more 

efficiently. This tendency indicates that regulatory pressures are not only limiting factors but also 

promoters of the returns on the investments in transparency because they arouse the demand of 

stakeholders on the organizations to act responsibly and provide competitive advantages to 

organizations that surpass the minimum compliance requirements. On the other hand, the negative 

moderation of the organizational complexity implies that the XAI implementation issues are heightened 

in organizations of structure complexities where coordinating the technology implementation effort 

among various business units, ensuring the uniformity of practices, and integrating the systems among 

them is more challenging. 

It can be seen that the moderation between digital transformation maturity is positive, indicating the 

existence of significant complementarities between the XAI capabilities and the current technology 

infrastructure in the organization. Companies with higher level of underlying digital capacity derive 

higher value out of XAI investment due to better data quality, higher analytics architecture and 

capability of more efficient XAI implementation and use. This synergistic aspect implies that the 

adoption of XAI can be considered as one of the constituent elements of more broad-based digital 

transformation pathways, and that the greatest benefits will go to the organizations that will ultimately 

incorporate XAI technologies into the wider digital strategies. The result also presupposes the 

possibility of the further increase in performance disparities between digitally forward and backward 

organizations as the former achieve better returns on investments in sustainability technologies. 

Fourth, the machine learning classification outcomes will offer innovative understanding of 

organizational and implementation features that can reveal a difference between successful XAI 

implementation and unsuccessful attempts. The superiority that implementation sophistication has on 

adoption breadth as compared to implementation sophistication in predicting improvements in ESG 

performance prove that depth plays a more significant role than breadth in implementation of XAI. Any 

organization can attain better sustainability results not in terms of XAI technologies implemented in as 

many domains of functioning as possible but with quality, high-end implementations that actually 

increase transparency and allow interacting with stakeholders. This observation questions the views of 

the technology diffusion about the perceptions based on adoption level as the main measure of success 

but rather seems to implement quality the key measure of success of realising technology gains. The 

fact that the stakeholder engagement intensity and organizational learning culture were among the top-

ranked features of importance once again proves that successful XAI adoption means the presence of 

organizational capabilities and practice that should be supplemented by technical ones. 

4. Conclusion 

The study contributes greatly to the new research areas that study the interface of artificial intelligence 

technology and corporate sustainability because it formulates and empirically verifies a comprehensive 

theoretical expectation connecting explainable AI implementation with ESG performance of 

organisations. Based on longitudinal data on multinational companies across various industries and 

using several complementary methods of analysis such as structural equation modeling, hierarchical 

regression analysis, instrumental variable estimation, and machine learning classification, we find that 
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XAI adoption produces large improvements in environmental, social, and governance performance. 

These impacts work mainly via the mechanisms of transparency that promote stakeholder credibility, 

better the quality of decision making and organizational learning criteria and the environmental 

performance dimensions portray a particularly worthwhile stock of responsiveness to XAI practice. 

The results obtained with our findings have a number of significant theoretical implications that 

contribute to the development of the scholarship and define such new research directions. To start with, 

we enlarge the scope of stakeholder theory by proving that algorithmic transparency is an important 

mechanism of creating stakeholder trust in the organizational relationship mediating technology to 

supplement the traditional focus on interpersonal communication channels. Second, we add to the 

perspectives of the resource-based views, when defining XAI capabilities as unique organizational 

resources creating sustainable competitive advantages due to their influence on the quality of decisions 

and learning in organizations. Third, we identify significant boundary conditions such as regulatory 

strength, organizational endowment, and maturity of digital transformation which mediate XAI 

implications and emphasis on situation factors to be addressed by the organization adopting such 

technologies. 

To contribute to the managerial practice, our study can offer evidence-based work to organizations that 

want to use XAI technologies to improve sustainability performance. The results verify that XAI is a 

practical and strategic strategy in terms of its effect that can be used to enhance ESG performance. 

Nonetheless, to be adopted successfully, implementation quality instead of the breadth of deployment 

must be noted, and sophisticated and well-structured systems providing a meaningful impact on the 

increase of transparency and stakeholder feedback are the most efficient ones. Organizations need to be 

keen on stakeholder engagement both during XAI design and deployment engagements, develop 

cultures based on a form of learning to make proper use of transparency-based insights, and have a 

sufficient level of digital infrastructure maturity before engaging in significant XAI investing. The 

organizations with a well-regulated sector or those with a high level of digital capabilities should be 

aware of the highest potential returns in the XAI investments. 

Nonetheless, this research has a number of limitations that indicate possible employment of new 

avenues of research in the future. First, our instrumental variable method enhances the causal inferences, 

but quasi-experimental or experimental designs would give a more conclusive stance on the impact of 

XAI on the work of ESG. Subsequent studies of the kind may exploit natural experiments due to change 

of regulation, technology shock or other exogenous occurrences to more definitively find causality. 

Second, the intensity of implementation of XAI is measured by self-reported organization-level surveys, 

which is further validated by archival research, but more detailed technical audits of the actual XAI 

system capabilities would allow a deeper insight into what exactly about the XAI system techniques 

and features were the processes of sustainability improvement. Future research may use in technical 

measures such as looking at the mechanism of generating the explanations, accessibility by 

stakeholders, and integration with the decision processes. 

Third, our sample represents a wide range of industries and geographies; however, it will be 

concentrated in the developed Western economies with well-developed sustainability reporting systems 

and in already established markets of AI. Future studies ought to research XAI-ESG associations in 

newer markets with institutionalized setting, policies, expectations of stakeholders and technological 

potentials. These extensions would be a test of the generalizability of our findings as well as attempt to 

discover context-specific mechanisms and boundary conditions. Fourth, the four years of observation 

can imply medium-term XAI impacts but cannot investigate long-term dynamics, such as conceivable 

performance leveling, obsolescence, or changing stakeholder anticipations. The longitudinal studies that 

are long-term, over five years, would be helpful in understanding the sustainability of the performance 

improvements that are brought about by XAI and whether the benefits are maintained, decline or 

increase as time passes. 

Fifth, although we find stakeholder trust, decision quality and organizational learning as important 

mediating variables, there are other plausible pathways that may act out in mediation and explanation 

of the XAI impacts on ESG performance. Such mechanisms as improved regulatory compliance, greater 
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risk management, stronger corporate reputation, and employee engagement improvement can be 

investigated in the future research. Sixth, the fact that we focused on the company level results does not 

help us understand the impact of the XAI implementation among various stakeholder groups on them 

differently. Subsequent research would be conducted to determine the effects of XAI on individual 

groups of stakeholders such as investors, customers, employees, suppliers, local communities, and civil 

society organizations and assess whether transparency will affect a group of stakeholders more than 

others and find possible tensions or trade-offs. 

Seventh, there is a fast technological progression towards implying that in the coming years, there are 

still more changes to come in the XAI capabilities, techniques, and applications. The recent 

advancements in technology should be monitored in future studies and how new XAI technologies can 

impact the sustainability outcomes in a different manner than the existing ones. There should be specific 

focus on the effect of foundation models, multimodal AI systems and enhanced neural architecture 

search algorithms on the effectiveness of XAI implementations. Eighth, as we are considering the XAI 

effects on the ESG performance in general, it would be interesting to explore the mechanisms associated 

with transparency and its particular sustainability implications more closely. Future studies may look at 

the impact of the implementation of XAI on specific aspects of the environment, e.g., carbon emissions 

and water usage, biodiversity concerns, or social aspects, e.g., diversity and social inclusion, labor 

rights, and involvement of communities. 

This study shows that explainable artificial intelligence is a prospective area in technology where 

organizations look to improve their sustainability performance in addition to overcoming the lack of 

transparency that are characteristic of traditional AI applications. With organizations overgrowing 

demands both to innovate in a technological aspect and towards environmental and social responsibility, 

XAI technologies provide mechanisms to follow these goals and pursue them synergistically and not as 

competing priorities. Making the algorithmic decision-making processes understandable to various 

stakeholders, XAI implementations can enhance the sustainability outcomes at once, while also 

enhancing trust relations on which long-term organizational legitimacy is based on. The organizations 

that assume XAI as an organizational strategic ability and not a technical need will be enabled to achieve 

significant competitive benefits in a more sustainability-oriented global economy. In the future, the areas 

of research, practice innovation, and the policy development will be crucial to enable the full potential 

of XAI technologies to become visible and help to solve the acute challenges faced by the contemporary 

society regarding its sustainability on the corporate level and due to the current challenging 

environmental and social issues. 
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