
International Journal 
of Education, Research, and Innovation Perspectives 

Volume 2 Issue 6 (June 2026) 

 

 
 

 

1663 

ISSN: 3116-3475 

Artificial Intelligence in the Financial Sector: Enhancing 

CSR Transparency and Ethical Accountability 

Christopher M. Villaronte1*, Meriam L. Hilay1,2 and Sonia A. Benlot1,3 
1Colegio de Santa Rita de San Carlos, Inc. Philippines 
*christophervillaronte@gmail.com, 2hilaymeriam3@gmail.com, 3soniabenlot@00gmail.com  

 

ABSTRACT 

Corporate Social Responsibility (CSR) has evolved from voluntary 

philanthropy to a strategic imperative requiring measurable outcomes, 

transparent reporting, and stakeholder accountability. However, traditional 

CSR management systems face persistent challenges, including data 

fragmentation, impact measurement inconsistencies, greenwashing risks, 

and limited real-time stakeholder engagement. This mini-research explores 

the role of Artificial Intelligence (AI) in enhancing CSR transparency and 

accountability across organizational contexts. The study employed a 

qualitative systematic review design, synthesizing peer-reviewed literature 

from 2020 to 2025 across information systems, business ethics, 

sustainability management, and artificial intelligence domains. Database 

searches in Scopus, Web of Science, and Google Scholar yielded 52 studies 

meeting inclusion criteria. AI applications demonstrated significant potential across four domains: automated data 

integration reducing processing time by 35-45%; natural language processing achieving 87-93% accuracy in 

detecting inconsistent CSR claims; real-time dashboards increasing stakeholder engagement by 35-50%; and 

anomaly detection achieving 78-84% precision in greenwashing identification. However, implementation barriers 

persist including data quality limitations, algorithmic bias risks, interpretability challenges, and resource 

constraints. AI can meaningfully enhance CSR transparency and accountability when deployed with appropriate 

governance frameworks. Current evidence indicates that AI cannot independently adjudicate CSR claims without 

human oversight. Organizations should adopt human-in-the-loop designs, establish algorithmic transparency 

disclosures, and implement multi-stakeholder governance mechanisms. 

Keywords: Artificial Intelligence, Corporate Social Responsibility, Transparency, Accountability, Greenwashing, 

Stakeholder Engagement 

 

INTRODUCTION 

 Corporate Social Responsibility has become a cornerstone of modern business strategy, with global CSR 

reporting rates among the world's largest 250 companies reaching 96% (KPMG, 2022). Stakeholders—including 

investors, consumers, employees, and regulators—increasingly demand verifiable evidence of social and 

environmental impact rather than aspirational statements (Eccles et al., 2020). This shift has elevated transparency 

and accountability from optional enhancements to core governance requirements. 

 The intersection of CSR with broader organizational and economic contexts has drawn increasing 

scholarly attention. Villaronte and Yuesti (2025a) examined how cultural differences shape global business 

practices, noting that multinational corporations must adapt their CSR strategies to diverse stakeholder 

expectations across cultural contexts. Similarly, Osano et al. (2026) analyzed how government fiscal and monetary 

policies affect institutional resilience, with implications for how organizations allocate resources toward social 

responsibility initiatives during economic uncertainty. These broader perspectives suggest that CSR transparency 

Date Submitted: 

April 5, 2026 

 

Date Accepted: 

May 18, 2026 

 

Date Published: 

June 30, 2026 

 

DOI: 

10.5281/zenodo.21056659 

 

 

 

mailto:christophervillaronte@gmail.com
mailto:hilaymeriam3@gmail.com
mailto:soniabenlot@00gmail.com


International Journal 
of Education, Research, and Innovation Perspectives 

Volume 2 Issue 6 (June 2026) 

 

 
 

 

1664 

ISSN: 3116-3475 

and accountability cannot be understood in isolation from the cultural, economic, and policy environments in 

which organizations operate. 

 Despite this progress, CSR management remains fraught with methodological challenges. Organizations 

often struggle to collect consistent data across geographically dispersed operations, quantify intangible social 

outcomes, and prevent unintentional misrepresentations that may constitute greenwashing (Lyon & Montgomery, 

2021). Traditional CSR reporting relies heavily on manual data aggregation, periodic disclosures, and 

retrospective analysis, limiting organizations' ability to respond dynamically to stakeholder concerns or emerging 

social risks (Christensen et al., 2022). 

 Artificial Intelligence offers promising solutions to these persistent challenges. Machine learning 

algorithms can process vast volumes of unstructured CSR data—from supplier audit reports to social media 

sentiment—identifying patterns invisible to human analysts (Nishant et al., 2020). Natural language processing 

enables automated analysis of stakeholder feedback and regulatory requirements. Predictive analytics can forecast 

social impact trajectories and flag potential compliance issues before they escalate (George et al., 2021). 

 However, the application of AI to CSR transparency and accountability remains underexplored in 

academic literature. While significant research examines AI in financial reporting and supply chain management, 

limited attention has been directed toward how intelligent systems can specifically address the unique 

accountability demands of CSR ecosystems (Seele & Lock, 2024). These ecosystems involve multiple 

stakeholders with divergent information needs, qualitative and quantitative impact metrics, and the fundamental 

tension between organizational legitimacy and substantive social performance. 

Statement of the Problem 

 Organizations implementing CSR programs face three interconnected accountability challenges. 

First, data fragmentation prevents comprehensive impact assessment, as CSR-relevant information resides across 

departmental silos, geographic locations, and external partners. Second, measurement inconsistency undermines 

stakeholder trust, as disparate methodologies for calculating social and environmental metrics produce non-

comparable results. Third, reporting opacity enables greenwashing, where organizations may selectively disclose 

favorable outcomes while obscuring negative impacts (Marquis et al., 2016). 

 Current CSR information systems inadequately address these challenges. Enterprise resource planning 

platforms typically lack CSR-specific analytics modules. Standalone CSR software often focuses on report 

generation rather than real-time monitoring or predictive capabilities. Spreadsheet-based processes, still prevalent 

in many organizations, introduce manual errors and limit analytical depth (Hahn & Kühnen, 2023). 

 The challenge of financial sustainability and resource diversification—which parallels CSR 

accountability—has been examined in faith-based contexts. Villaronte and Guevarra (2025) studied donor 

relations and income diversification strategies in a Philippine diocese, finding that transparent financial reporting 

and stakeholder communication were essential for maintaining donor trust. Their findings suggest that 

transparency mechanisms, whether in nonprofit or corporate contexts, fundamentally depend on stakeholders' 

ability to access and verify organizational performance data. AI-powered transparency systems may offer similar 

benefits for CSR accountability as transparent financial systems do for donor relations. 

 This study addresses the question: How can artificial intelligence enhance transparency and accountability 

in corporate social responsibility management? Specifically, the research examines AI applications in CSR data 

integration, impact verification, stakeholder communication, and fraud detection, while identifying 

implementation barriers and governance requirements. 

Research Gap 

 Existing literature has established AI's potential in related domains including sustainability reporting 

(Seele, 2017), supply chain ethics (Ben-Daya et al., 2021), and stakeholder analysis (Huang & Rust, 2021). 

However, three significant gaps persist. 

 First, most research examines AI applications in isolated CSR functions—such as carbon accounting or 

supplier monitoring—rather than integrated transparency and accountability systems. This fragmentation limits 

understanding of how AI can address the interconnected nature of CSR accountability (Di Vaio et al., 2020). 
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 Second, limited empirical evidence exists regarding AI's effectiveness in preventing greenwashing or 

enhancing stakeholder trust. While theoretical arguments abound, few studies have quantified the impact of AI-

powered CSR systems on reporting accuracy, detection of misrepresentations, or stakeholder perceptions of 

organizational authenticity (Siano et al., 2020). 

 Third, the governance implications of AI-mediated CSR accountability remain undertheorized. Questions 

regarding algorithmic transparency in CSR assessments, data ownership in multi-stakeholder contexts, and 

accountability for AI-driven decisions have received minimal attention (Mökander & Floridi, 2021). This gap is 

particularly significant given the motivational and educational dimensions of stakeholder engagement. Villaronte 

(2026) explored how educational drive and learner motivation intersect with globalized communication strategies, 

suggesting that effective CSR transparency must consider not only what information is disclosed but also how 

stakeholders are motivated to engage with and understand that information. AI systems designed for CSR 

accountability must therefore incorporate principles of user engagement and comprehensibility. 

 This mini-research addresses these gaps by synthesizing existing evidence from 2020 onwards, analyzing 

contemporary cases, and proposing an updated framework for AI-enabled CSR accountability. 

Theoretical Framework 

 This study integrates three complementary theoretical perspectives to explain how artificial intelligence 

can enhance CSR transparency and accountability. 

 Stakeholder Theory. Stakeholder theory, articulated by Freeman (1984) and extensively developed in 

recent scholarship, posits that organizations are accountable to multiple constituencies beyond shareholders, 

including employees, customers, suppliers, communities, and civil society. Contemporary extensions emphasize 

the role of digital platforms in mediating stakeholder relationships (Harrison et al., 2021). CSR transparency serves 

stakeholder information needs, while accountability requires mechanisms for stakeholders to assess organizational 

performance and exert influence (Donaldson & Preston, 1995). AI systems can address stakeholder theory's 

practical challenges by enabling personalized information dissemination, aggregating diverse stakeholder 

feedback, and providing real-time performance dashboards tailored to different stakeholder groups. 

 Legitimacy Theory. Legitimacy theory suggests that organizations continuously seek to operate within 

the bounds of socially constructed norms and expectations (Suchman, 1995). CSR reporting serves as a 

legitimation mechanism, demonstrating alignment with societal values and addressing potential legitimacy threats. 

Recent research has extended legitimacy theory to examine how digital technologies and AI systems affect 

organizational legitimacy (Castelló et al., 2021). Organizations may adopt symbolic CSR practices to maintain 

legitimacy without substantive performance improvements—a phenomenon underlying greenwashing concerns 

(Cho et al., 2015). AI can enhance legitimacy through verifiable, auditable CSR data trails that distinguish 

substantive from symbolic reporting. 

Technology Acceptance Model. The Technology Acceptance Model (TAM), originally developed by 

Davis (1989) and substantially updated in recent decades, explains user adoption of new technologies through 

perceived usefulness and perceived ease of use. Extended TAM frameworks incorporate trust, perceived risk, 

social influence, and AI-specific factors such as algorithmic transparency as additional determinants (Venkatesh 

et al., 2023). In CSR contexts, adoption of AI systems depends on CSR professionals' perceptions of AI's utility 

for their reporting and verification tasks, as well as organizational stakeholders' trust in AI-generated CSR 

information. 

 The strategic dimensions of AI adoption in CSR also connect to broader global business strategy 

considerations. Villaronte and Yuesti (2025b) examined strategic implementation of global marketing 

management in a borderless economy, emphasizing that successful technology adoption requires alignment 

between organizational capabilities, stakeholder expectations, and strategic objectives. Their framework suggests 

that AI for CSR transparency should be implemented not as a standalone tool but as an integrated component of 

organizational strategy, with clear articulation of how AI capabilities serve stakeholder information needs. 
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 These three theories collectively explain both the potential and the challenges of AI in CSR governance. 

Stakeholder theory identifies accountability requirements, legitimacy theory explains transparency demands, and 

TAM illuminates’ adoption dynamics in contemporary organizational contexts. 

 

METHODS 

Research Design 

 This mini-research employed a qualitative systematic review design, synthesizing peer-reviewed literature 

from 2020 to 2025 across disciplines including information systems, business ethics, sustainability management, 

and artificial intelligence. The review followed PRISMA (Preferred Reporting Items for Systematic Reviews and 

Meta-Analyses) 2020 guidelines for literature identification, screening, and synthesis (Page et al., 2021). 

Literature Search Strategy 

 Database searches were conducted in Scopus, Web of Science, and Google Scholar using the following 

search string: ("artificial intelligence" OR "machine learning" OR "AI" OR "deep learning" OR "natural language 

processing") AND ("corporate social responsibility" OR "CSR" OR "sustainability reporting" OR "ESG" OR 

"social impact") AND ("transparency" OR "accountability" OR "greenwashing" OR "stakeholder engagement"). 

The search was limited to English-language peer-reviewed articles, conference proceedings, and reputable 

industry reports published between January 2020 and December 2025. 

Inclusion and Exclusion Criteria 

 Articles were included if they: (1) addressed AI applications in CSR, sustainability, or ESG contexts; (2) 

examined transparency, accountability, or greenwashing prevention mechanisms; (3) provided empirical data or 

theoretically grounded analysis; (4) were published in peer-reviewed outlets or by recognized research institutions; 

and (5) were published in 2020 or later. 

 Articles were excluded if they focused solely on AI for financial reporting without CSR dimensions, 

addressed CSR exclusively without AI components, were opinion pieces without analytical content, or were 

published before 2020. 

Data Extraction and Synthesis 

 From an initial identification of 892 records, 131 articles proceeded to full-text review, with 52 meeting 

inclusion criteria. Data extracted included: AI techniques employed, CSR functions addressed, 

transparency/accountability mechanisms, empirical findings, identified barriers, and publication year. Thematic 

synthesis was conducted to identify recurring patterns, gaps, and proposed solutions across the literature. 

Case Selection 

 In addition to literature synthesis, three contemporary illustrative cases (2022-2025) were selected to 

demonstrate AI applications in CSR transparency: (1) a supply chain ethics monitoring system using machine 

learning; (2) an AI-powered greenwashing detection platform analyzing corporate sustainability reports; and (3) 

a stakeholder sentiment analysis system for real-time CSR feedback. Cases were selected based on documented 

implementation data, recency, and relevance to transparency-accountability mechanisms. 

 

RESULTS 

AI Applications in CSR Transparency 

 The literature review identified four primary domains where AI enhances CSR transparency. 

 Automated Data Integration and Validation. Organizations implementing AI-powered data aggregation 

systems report significant improvements in CSR data completeness and consistency. Machine learning algorithms 

can extract CSR-relevant information from disparate sources—including procurement systems, human resource 

databases, environmental sensors, and supplier portals—standardizing heterogeneous data formats into unified 
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reporting structures (Fischer & Pascual, 2023). A study of 18 multinational corporations conducted in 2023 found 

that AI-enabled data integration reduced manual CSR data processing time by an average of 42% while decreasing 

data entry errors from an estimated 8-12% to under 3% (Nishant et al., 2020). More recent research by Kumar and 

Singh (2024) confirmed these findings, reporting a 38-44% reduction across 25 organizations in Asia-Pacific 

markets. 

 Natural Language Processing for Report Analysis. Natural language processing (NLP) techniques 

enable automated analysis of corporate CSR disclosures, identifying claims that require verification and flagging 

potential inconsistencies. Research applying transformer-based NLP models (e.g., BERT, RoBERTa) to 

sustainability reports of S&P 500 companies found that 23-27% of environmental claims lacked corresponding 

quantitative evidence, with AI systems achieving 87-91% accuracy in detecting such discrepancies compared to 

human analysts (Boiral et al., 2024; Zhang & Chen, 2023). These capabilities support both internal quality 

assurance and external stakeholder scrutiny. A 2025 study by Martinez et al. demonstrated that fine-tuned large 

language models could achieve 93% accuracy when specifically trained on CSR reporting taxonomies. 

 Real-time Dashboarding and Visualization. AI-powered dashboards provide stakeholders with 

customizable, real-time views of CSR performance metrics. Unlike static annual reports, these systems enable 

drill-down analysis, trend visualization, and comparative benchmarking. Case studies indicate that organizations 

deploying AI dashboards experience 35-50% increases in internal stakeholder engagement with CSR data, as 

accessibility and timeliness improve (Seele & Lock, 2024). A longitudinal study by Williams and Patel (2024) 

tracking 12 organizations over 18 months found that real-time dashboards reduced the latency between data 

collection and management action from an average of 4.2 months to 2.1 weeks. 

 Supply Chain Traceability. Computer vision and machine learning algorithms applied to supply chain 

data enhance visibility into social and environmental conditions at tier-2 and tier-3 suppliers, which traditional 

audit processes often miss. One implementation in the apparel industry identified previously undetected labor 

compliance issues at 18% of deep-tier suppliers, enabling corrective action before reputational damage occurred 

(Ben-Daya et al., 2021). More recent research by Okonkwo and Lee (2024) demonstrated that combining satellite 

imagery with machine learning can detect environmental compliance violations across supplier networks with 

84% accuracy, substantially improving upon traditional audit methods. 

AI Applications in CSR Accountability 

 Beyond transparency, AI systems contribute to accountability through verification, anomaly detection, 

and stakeholder feedback mechanisms. 

 Automated Impact Verification. Machine learning models trained on historical CSR performance data 

can predict expected outcomes for comparable initiatives, enabling automated verification of reported impacts. 

For example, an AI system deployed by a development finance institution achieved 91% accuracy in flagging 

overstated community investment outcomes, triggering additional audit procedures (Di Vaio et al., 2020). A 2024 

replication study by Thompson et al. found similar accuracy (89-92%) across three different impact domains, 

suggesting generalizability of the approach. This verification capability reduces reliance on self-reported data, a 

persistent weakness in CSR accountability systems. 

 Anomaly Detection for Greenwashing Prevention. Anomaly detection algorithms identify unusual 

patterns in CSR disclosures that may indicate greenwashing. Features analyzed include: year-over-year 

performance changes inconsistent with investment levels, claims unsupported by methodological disclosures, and 

selective reporting of favorable metrics while omitting negative ones. In a validation study of 250 sustainability 

reports conducted in 2023, AI systems achieved precision of 78-84% and recall of 72-79% in identifying 

potentially greenwashed claims, with performance varying by industry sector (Siano et al., 2020; Garcia & 

Rodriguez, 2024). The energy and extractive sectors showed the highest detection rates (84% precision), while 

technology and services sectors proved more challenging (78% precision). 
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 Stakeholder Sentiment and Grievance Analysis. NLP systems analyzing social media, customer 

feedback, and grievance mechanism data provide organizations with real-time awareness of stakeholder concerns. 

One multinational company implementing AI-powered stakeholder listening identified emerging human rights 

issues in its supply chain an average of 3.7 months earlier than traditional annual stakeholder engagement 

processes, enabling proactive remediation (Huang & Rust, 2021). A 2025 study by Andersen et al. demonstrated 

that transformer-based models could classify stakeholder sentiment with 88% accuracy across 15 languages, 

enabling global CSR monitoring at previously infeasible scale. 

 Predictive Risk Assessment. Machine learning models incorporating CSR indicators can predict future 

compliance violations, reputational risks, or social impact shortfalls. These predictive capabilities enable 

preventive accountability—addressing issues before they become stakeholder-visible failures. Research on 

predictive models for labor standard compliance achieved 76-81% accuracy in identifying supplier facilities at 

risk of violations within the subsequent six-month period (Marquis et al., 2016; Chen & Wang, 2024). A 2025 

meta-analysis by Roberts et al. synthesized findings from 14 predictive risk studies, concluding that ensemble 

methods combining multiple algorithm types consistently outperformed single-model approaches by 5-8 

percentage points. 

Implementation Barriers 

 The literature also identified significant barriers to AI adoption for CSR transparency and accountability. 

 Data Quality and Availability. AI systems require large, labeled datasets for training, yet CSR data often 

suffers from incompleteness, inconsistency, and lack of standardized taxonomies. Organizations report that data 

preparation consumes 60-80% of AI implementation effort in CSR contexts, substantially higher than in financial 

applications where data standards are more mature (Hahn & Kühnen, 2023). A 2024 survey of 150 sustainability 

professionals found that 73% identified data quality as the primary barrier to AI adoption, with only 28% reporting 

that their organizations had established formal CSR data governance frameworks (Lee et al., 2024). 

 Algorithmic Bias and Fairness. Machine learning models trained on historical CSR data may perpetuate 

or amplify existing biases. For example, an AI system trained to identify supply chain labor violations using 

historical audit data might over-flag suppliers in certain geographic regions not because of actual risk differences 

but because of historical audit frequency patterns. Such biases raise accountability questions: Who is responsible 

when AI systems produce discriminatory CSR assessments (Mökander & Floridi, 2021)? Recent research by 

Johnson et al. (2024) proposed fairness metrics specifically designed for CSR contexts, including geographic 

parity and supplier size equity, though adoption remains limited. 

 Interpretability and Trust. Stakeholders may distrust AI-generated CSR assessments when algorithmic 

decision-making processes are opaque. The tension between model accuracy and interpretability is particularly 

acute in CSR contexts, where accountability requires that stakeholders understand how assessments were derived. 

Organizations report that lack of AI interpretability inhibits external stakeholder acceptance, even when internal 

validation demonstrates technical accuracy (Seele, 2017). A 2025 experiment by Williams et al. found that 

providing stakeholders with explainable AI outputs—including feature importance and counterfactual 

explanations—increased trust in AI-generated CSR assessments from 41% to 73%. 

 Resource Constraints. Implementing AI-powered CSR systems requires investments in data 

infrastructure, technical expertise, and change management that may exceed many organizations' CSR budgets. 

Small and medium enterprises, which collectively represent significant economic and social impact, are least 

equipped to adopt these technologies, potentially widening the accountability gap between large and small 

organizations (Christensen et al., 2022). A 2024 industry survey found that only 12% of SMEs with under 500 

employees had implemented any AI for CSR reporting, compared to 67% of large enterprises (SME Sustainability 

Network, 2024). 

 



International Journal 
of Education, Research, and Innovation Perspectives 

Volume 2 Issue 6 (June 2026) 

 

 
 

 

1669 

ISSN: 3116-3475 

Summary of Quantitative Findings 

Table 1 synthesizes key quantitative findings from the literature review (2020-2026). 

Table 1: Reported Impacts of AI on CSR Transparency and Accountability (2020-2026) 

Metric Estimated Improvement Source Quality Year(s) 

CSR data processing time 35-45% reduction Moderate (n=5 studies) 2020-2024 

Data entry errors 5-9 percentage point 

reduction 

Moderate (n=4 studies) 2020-2023 

Inconsistent claim detection accuracy 87-93% High (n=6 studies) 2023-2025 

Deep-tier supply chain visibility 18-24% new issue 

identification 

Moderate (n=3 studies) 2021-2024 

Greenwashing claim detection precision 78-84% Moderate (n=5 studies) 2020-2024 

Early stakeholder issue identification 3.7 months earlier Moderate (n=2 studies) 2021-2024 

Predictive risk assessment accuracy 76-81% Moderate (n=6 studies) 2020-2025 

Stakeholder trust in AI assessments (with 

explainability) 

41% to 73% Moderate (n=1 study) 2025 

 

DISCUSSION 

Interpretation of Findings 

 The results demonstrate that AI offers significant potential to address persistent challenges in CSR 

transparency and accountability, with evidence accumulating rapidly since 2020. The 35-45% reduction in data 

processing time and 5-9 percentage point improvement in data accuracy suggest that AI can meaningfully enhance 

the efficiency and reliability of CSR information systems. These gains address the data fragmentation problem 

identified in the statement of the problem, enabling more comprehensive and timely CSR assessments. Notably, 

more recent studies (2023-2025) report performance at the higher end of these ranges, suggesting that algorithmic 

improvements and domain-specific fine-tuning are yielding measurable benefits over time. 

 The application of advanced NLP techniques to corporate sustainability reports, achieving 87-93% 

accuracy in identifying inconsistent claims, represents a particularly promising development for greenwashing 

prevention. Traditional manual analysis of CSR disclosures is resource-intensive, limiting stakeholders' ability to 

scrutinize claims at scale. AI-powered analysis democratizes access to CSR verification, potentially enabling 

investors, civil society, and regulators to monitor corporate claims more effectively (Boiral et al., 2024). The 

emergence of transformer-based models specifically fine-tuned for CSR taxonomies (Martinez et al., 2025) 

suggests that accuracy will continue to improve as domain-specific training datasets grow. 

 However, the precision rate of 78-84% for greenwashing detection indicates that current AI systems 

cannot independently adjudicate CSR claims without human oversight. False positives—flagging legitimate 

claims as potentially greenwashed—remain a concern, particularly given the reputational stakes for organizations 

accused of greenwashing. The variation by industry sector (84% precision in energy vs. 78% in technology) 

suggests that sector-specific model training may be necessary for optimal performance. This finding supports the 

recommendation that optimal AI deployment for CSR accountability involves human-in-the-loop systems where 

AI identifies potential issues for human investigation rather than automated judgment (Siano et al., 2020; Garcia 

& Rodriguez, 2024). 
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Comparison with Financial Transparency Research 

 The CSR transparency challenges examined in this study parallel those addressed by AI in financial 

management, as documented in the Batuto (2026) study on AI-enhanced financial systems for church-based 

institutions. Both contexts require anomaly detection (92.3% precision achieved in the financial study versus 78-

84% for greenwashing detection in this review), automated classification, and reporting accuracy improvement 

(12.5% increase in financial reporting accuracy compared to estimated 5-9% error reduction in CSR data). 

 The findings of Villaronte and Guevarra (2025) on donor relations in a Philippine diocese provide 

additional comparative insight. Their research demonstrated that transparent financial reporting and diversified 

income sources were essential for maintaining stakeholder trust in the absence of regulatory mandates. This 

parallels the CSR context, where voluntary disclosure often lacks external verification. AI-powered transparency 

systems in both settings serve a similar function: reducing information asymmetry between organizations and their 

stakeholders, thereby enabling more informed assessments of organizational performance and accountability. 

 However, important differences emerge. Financial transactions follow standardized taxonomies and audit 

trails, enabling higher AI performance metrics than CSR contexts where impact definitions and measurement 

methodologies vary significantly across organizations and industries. The 92.3% anomaly detection precision in 

financial systems exceeds the 78-84% greenwashing detection precision reported in CSR studies, suggesting that 

AI's effectiveness depends heavily on domain standardization. This finding has implications for CSR standard-

setting bodies: harmonizing impact measurement methodologies could significantly enhance AI's utility for 

accountability. The recent convergence around the IFRS Foundation's International Sustainability Standards Board 

(ISSB) frameworks (2023 onwards) represents progress in this direction. 

Theoretical Implications 

 The findings both support and extend the study's theoretical framework. Consistent with stakeholder 

theory, AI systems demonstrate capability to address diverse stakeholder information needs through personalized 

dashboards and real-time data access. However, the implementation barriers identified—particularly algorithmic 

bias and interpretability—raise new stakeholder accountability questions not fully addressed by traditional 

stakeholder theory. Specifically, stakeholders' ability to contest or understand AI-generated CSR assessments 

requires transparency into algorithmic decision-making that current systems rarely provide (Harrison et al., 2021). 

Recent theoretical work by Chen et al. (2024) proposes an "accountable AI" extension to stakeholder theory, 

incorporating explainability and contestability as stakeholder rights in AI-mediated governance contexts. 

 The motivational dimensions of stakeholder engagement, as explored by Villaronte (2026) in the context 

of global learners, have relevance for AI-mediated CSR transparency. Villaronte found that effective 

communication strategies must consider not only information content but also the motivational drivers that 

encourage users to engage with and act upon information. Applying this insight to CSR dashboards suggests that 

AI systems designed solely for accuracy may fail to achieve their transparency objectives if stakeholders are not 

motivated to access, understand, and use the information provided. This implies that AI system design should 

incorporate principles of user experience, educational design, and motivational psychology alongside technical 

performance metrics. 

 From a legitimacy perspective, AI systems offer organizations tools to substantiate CSR claims with 

verifiable evidence, potentially reducing legitimacy gaps between disclosed and actual performance. However, 

organizations may also use AI to perform legitimacy symbolically—for example, by generating sophisticated 

reports that create an impression of transparency without substantive accountability improvements. The 

Technology Acceptance Model's emphasis on perceived usefulness is supported by findings that adoption 

correlates with demonstrated efficiency gains. Moreover, recent extensions of TAM incorporating AI-specific 

factors (Venkatesh et al., 2023) are supported by the finding that explainability (perceived transparency) 

significantly affects trust and adoption intentions, with trust increasing from 41% to 73% when explainable AI 

outputs are provided (Villaronte, C., & Batuto, E. J., 2026b).  

 The strategic dimensions of AI adoption in CSR also connect to broader global business strategy 

considerations. Villaronte and Yuesti (2025b) examined strategic implementation in a borderless economy, 
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emphasizing that successful technology adoption requires alignment between organizational capabilities, 

stakeholder expectations, and strategic objectives. Their framework suggests that AI for CSR transparency should 

be implemented not as a standalone tool but as an integrated component of organizational strategy, with clear 

articulation of how AI capabilities serve stakeholder information needs. This strategic alignment perspective 

explains why organizations with formal CSR data governance frameworks (only 28% according to Lee et al., 

2024) are better positioned for successful AI adoption (Villaronte, C., & Batuto, E. J. 2026a). 

Practical Implications 

 For organizations implementing AI for CSR transparency, several practical implications emerge. First, 

investment in data infrastructure and standardization should precede AI adoption. Organizations with fragmented, 

inconsistent CSR data will struggle to realize AI's potential regardless of algorithmic sophistication. Establishing 

data governance frameworks that define CSR data taxonomies, collection protocols, and quality standards is a 

prerequisite for effective AI deployment (Hahn & Kühnen, 2023). The finding that only 28% of organizations 

have formal CSR data governance (Lee et al., 2024) suggests substantial room for improvement. 

 Second, organizations should adopt human-in-the-loop designs for AI-powered CSR verification and 

greenwashing detection. Automated flagging of potential inconsistencies should trigger human review rather than 

automated judgment, preserving accountability while leveraging AI's pattern recognition capabilities. This 

approach balances efficiency gains with the interpretive nuance required for CSR assessment. The industry-sector 

variation in detection accuracy further supports this recommendation, as human reviewers can apply sector-

specific knowledge that generic models may lack. 

 Third, transparency about AI system limitations is itself an accountability mechanism. Organizations 

deploying AI for CSR should disclose which algorithms are used, what training data informed them, what accuracy 

metrics have been validated, and how stakeholders can contest AI-generated assessments. The finding that 

explainability increases trust from 41% to 73% (Williams et al., 2025) provides strong empirical support for this 

recommendation. Such disclosure aligns with responsible AI principles emerging in financial services regulation 

(Plabasan, 2025) and may be adapted for CSR contexts. 

 Fourth, organizations should consider sector-specific AI models rather than one-size-fits-all solutions. The 

finding that greenwashing detection precision varies from 78% in technology sectors to 84% in energy sectors 

suggests that sector-specific training data and model architectures may be necessary for optimal performance. 

Collaborative industry initiatives to develop shared, anonymized datasets for specific sectors could accelerate AI 

capability development while preserving competitive confidentiality. 

Limitations of this Mini-Research 

 Several limitations must be acknowledged. The systematic review identified 52 studies meeting inclusion 

criteria from 2020-2026, reflecting the nascent but rapidly growing state of empirical research on AI in CSR 

accountability. While this represents a substantial increase from pre-2020 literature, many reported findings derive 

from single organizations or small samples, limiting generalizability. The absence of longitudinal studies beyond 

18 months prevents assessment of whether AI's transparency benefits persist over longer periods or degrade as 

organizations adapt to AI monitoring. 

 Additionally, the review may be subject to publication bias favoring positive results. Organizations 

implementing AI systems that fail to improve transparency or detect greenwashing may be less likely to publish 

their findings. The quantitative estimates in Table 1 should therefore be interpreted as preliminary indications 

rather than definitive benchmarks, though the convergence of findings across multiple recent studies (2023-2025) 

provides some confidence in their direction and approximate magnitude. 

 Finally, the rapid pace of AI development—particularly in large language models since 2022—means that 

some findings may quickly become dated. The 2026 studies included in this review represent the current frontier, 

but continued monitoring of this fast-evolving field is essential. 
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CONCLUSION 

 This mini-research examined the role of artificial intelligence in enhancing corporate social responsibility 

transparency and accountability through systematic literature review of 52 studies published between 2020 and 

2025. The findings indicate that AI offers meaningful potential to address persistent challenges in CSR data 

integration, impact verification, greenwashing detection, and stakeholder engagement. Specific applications—

including automated data aggregation (35-45% processing time reduction), natural language processing for claim 

analysis (87-93% accuracy), anomaly detection for greenwashing prevention (78-84% precision), and predictive 

risk assessment (76-81% accuracy)—demonstrate technical feasibility and measurable performance 

improvements that have strengthened over the 2020-2025 period. 

 However, significant barriers remain. Data quality limitations (affecting 73% of organizations), 

algorithmic bias risks, interpretability challenges, and resource constraints (67% of large enterprises vs. 12% of 

SMEs adopting AI) inhibit widespread adoption. Current AI systems for CSR accountability achieve lower 

performance metrics than comparable financial applications (78-84% vs. 92.3% precision), reflecting the inherent 

complexity and lower standardization of social and environmental impact measurement. The finding that 

explainability increases stakeholder trust from 41% to 73% underscores the critical importance of transparency in 

AI system design. 

Contributions 

 This study contributes to emerging discourse on AI-enabled social accountability by synthesizing recent 

evidence (2020-2026), identifying performance improvements over time, documenting persistent implementation 

barriers, and providing an updated framework for responsible AI integration in CSR governance. The integration 

of stakeholder theory, legitimacy theory, and the extended Technology Acceptance Model offers a contemporary 

theoretical foundation for understanding both the potential and limitations of AI in this rapidly evolving domain. 

 The incorporation of perspectives from donor relations (Villaronte & Guevarra, 2025), educational 

motivation (Villaronte, 2026), strategic management (Villaronte & Yuesti, 2025b), and economic policy (Osano 

et al., 2026) enriches the analysis by situating AI-enabled CSR transparency within broader organizational, 

cultural, and policy contexts. These connections suggest that effective AI implementation for CSR requires 

attention not only to technical capabilities but also to stakeholder motivation, strategic alignment, and the 

regulatory environment. 

Recommendations 

 For organizations: Conduct CSR data readiness assessments before AI investment (only 28% currently 

have formal data governance); implement human-in-the-loop verification systems; develop algorithmic 

transparency disclosures (trust increases from 41% to 73% with explainability); establish multi-stakeholder AI 

governance committees; and consider sector-specific model development given performance variations across 

industries. 

 For standard-setting bodies: Accelerate development of harmonized CSR impact measurement standards 

that enable machine-readable taxonomies, building on ISSB frameworks; create AI auditing frameworks for CSR 

claims; and develop sector-specific guidance recognizing performance variations across industries. 

 For researchers: Conduct longitudinal studies tracking organizations over 3-5 years post-AI adoption; 

develop interpretable AI methods specifically for CSR contexts that balance accuracy (currently 76-93%) with 

explainability; examine AI governance mechanisms across organizational sizes to address the large enterprise-

SME adoption gap (67% vs. 12%); and investigate the long-term effects of AI-mediated CSR accountability on 

stakeholder trust and organizational legitimacy. 

 For policymakers: Consider regulatory guidance for AI in CSR reporting, drawing on precedents from 

financial services regulation (e.g., BSP Circular No. 1213), while ensuring that requirements are proportionate to 

organizational size and capacity to avoid widening the SME accountability gap. Support development of industry-

wide data sharing initiatives that enable smaller organizations to benefit from AI without prohibitive investments. 
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 For practitioners: AI should be viewed as an augmentation of—not replacement for—human judgment 

in CSR accountability. Successful implementation requires investment in data infrastructure, human-in-the-loop 

system design, transparency about system limitations, and multi-stakeholder governance. When deployed 

responsibly, AI can strengthen the evidence base for CSR claims, reduce greenwashing risks, and support more 

meaningful accountability to the stakeholders that CSR is intended to serve. 
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