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Abstract 

Corporate Social Responsibility (CSR) has shifted from voluntary philanthropy to a core governance domain in 

which stakeholders demand verifiable evidence of social and environmental performance. Yet CSR reporting 

remains plagued by greenwashing, inconsistent metrics, and assurance practices that are largely point-in-time and 

self-interested. This paper examines how artificial intelligence (AI) can strengthen transparency and accountability 

in CSR initiatives. Drawing on a structured review of peer-reviewed literature and authoritative institutional reports 

published between 2011 and 2024, the paper develops a conceptual framework that maps four AI capabilities —

natural language processing, machine -learning anomaly detection, blockchain -enabled distributed ledgers, and 

conversational AI —to four CSR mechanisms: dis -closure verification, real -time monitoring, traceability -based 

assurance, and participatory stake -holder engagement. The analysis argues that these mechanisms collectively 

reduce information asymmetr y, harmonise divergent ESG ratings, and operationalise the EU Corporate 

Sustainability Reporting Directive (CSRD) and the Artificial Intelligence Act. The paper also identifies critical 

limitations, including the “black -box accountability paradox”, algorithmic bias, data -quality constraints, and a 

widening digital divide between multinational enterprises and small and medium-sized firms. It concludes that AI 

is a necessary but insufficient enabler: realising its transformative potential requires combined pr ogress on data 
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standards, third -party model audits, regulatory sandboxes, and meaningful stakeholder participation in AI 

governance. 

Keywords: corporate social responsibility; artificial intelligence; transparency; accountability; ESG; greenwashing; 

blockchain; corporate governance. 

1 Introduction  

Over the past two decades, Corporate Social Responsibility (CSR) has evolved from a peripheral philanthropic 

activity into a central element of corporate strategy, governance, and stakeholder relations. Investors, regulators, 

employees, and civil -society organisations increasingly expect firms to disclose verifiable evidence of their social 

and environmental performance, and to be held accountable when disclosed commitments are not met [1, 17]. This 

expectation has been reinforced by the entry into force of mandatory sustainability reporting regimes such as the 

European Union’s Corporate Sustainability Reporting Directive (CSRD), which extends assurance requirements to 

a far larger population of firms and standardises disclosure against the European Sustainability Reporting Standards 

[6]. 

Despite these regulatory advances, the credibility of CSR disclosures remains contested. Empirical research 

has documented persistent greenwashing, in which firms selectively disclose positive performance signals while 

obscuring negative externalities [15]. Comparative analy -ses of environmental, social, and governance (ESG) 

ratings issued by leading providers show substantial divergence, with correlations between major raters as low as 

0.54, undermining the comparability that stakeholders require [2]. Quan titative content analyses of CSR reports 

across multiple jurisdictions have found widespread use of vague, unverifiable, and symbolic language [14], while 

legitimacy-seeking disclosure strategies have been shown to substitute rhetoric for substantive performance 

improvements [4]. Together, these findings point to an accountability deficit that conventional, human -mediated 

assurance practices are ill-equipped to close. 

Artificial intelligence (AI) has been proposed as a transformative response to this deficit. Natural language 

processing (NLP) can analyses  disclosures at scale, machine-learning models can detect anomalies across reporting 

cycles, blockchain -based ledgers can create tamper -evident audit trails, and conversational AI can widen 

stakeholder participation [9, 11, 16]. At the same time, AI itself introduces new governance challenges —bias, 

opacity, and concentration of analytical power —that must be addressed if AI is to function as a credible 

accountability mechanism rather than a sophisticated form of impression management [5, 18]. 

This paper asks: how can AI be deployed to enhance transparency and accountability in CSR initiatives, and 

under what conditions does it credibly do so? It makes two contributions. First, it synthesizes the literature on CSR 

accountability, greenwashing, and AI ethics into an integrated conceptual framework that maps AI capabilities to 

specific transparency and accountability mechanisms. Second, it identifies the conditions —regulatory, 

organisational, and technical—under which AI is likely to strengthen rat her than undermine CSR accountability. 

The remainder of the paper is structured as follows. Section 2 reviews the relevant literature. Section 3 develops the 

conceptual framework. Sections 4 and 5 analyses AI applications for transparency and accountability respectively. 

Section 6 examines challenges and limitations. Sections 7 and 8 discuss implications and conclude. 
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2 Literature Review 

2.1 CSR Accountability and Stakeholder Theory  

Modern CSR scholarship is grounded in stakeholder theory, which holds that firms owe obliga -tions to a broad set 

of constituencies—employees, customers, suppliers, communities, and the natural environment —rather than to 

shareholders alone [10]. Carroll’s influential pyramid of CSR articulates four layers of responsibility —economic, 

legal, ethical, and philanthropic—that together constitute a firm’s social contract [3]. Subsequent work has sought 

to differentiate CSR from the broader concept of corporate sus tainability, arguing that the two literatures have 

distinct theoretical roots but increasingly overlapping empirical referents [1]. Across these frame -works, 

accountability is the central mechanism through which CSR commitments are translated into observable behaviour: 

firms must not only act responsibly, but also render an account of their actions to legitimate stakeholders and 

accept the consequences of that account [17]. 

2.2 Greenwashing and the Credibility Deficit  

A substantial literature examines the conditions under which CSR disclosure is credible. Lyon and Montgomery 

[15] define greenwashing as the intersection of poor environmental performance and positive communication 

about environmental performance, and identify firm-level incentives, regulatory gaps, and stakeholder inattention 

as its principal drivers. Castelló and Lozano [4] analyse CSR rhetoric as a legitimacy -seeking strategy and find that 

firms facing reputational threats are more likely to deploy symbolic disclosure in place of substantive change. Lock 

and Seele [14] conduct a quantitative content analysis of CSR reports across eleven European countries and find 

systematic use of vague, unsubstantiated claims that reduce the credibility of disclosures. More recently, Berg et al. 

[2] have shown that the divergence across major ESG ratings reflects fundamental disagreement about what is being 

measured, how it should be measured, and what evidence counts—a problem that conventional assurance, with its 

reliance on firm-provided data and point-in-time audits, struggles to resolve. 

2.3 AI Ethics, Governance, and Trust  

Parallel to the CSR literature, a rapidly growing body of work examines the ethics and governance of AI. Floridi et 

al. [9] propose an ethical framework for a good AI society built on four principles —beneficence, non-maleficence, 

autonomy, and justice—and a set of policy recommendations for translating these principles into practice. Jobin et 

al. [11] survey 84 AI ethics guidelines worldwide and identify a converging core of principles alongside persistent 

divergence in implementation. Dignum [5] develops t he concept of “responsible AI”, emphasising that AI systems 

must be accountable not only for their outputs but for the social processes through which they are designed, 

deployed, and audited. Toreini et al. [18] argue that trust in AI re -quires demonstrable trustworthiness at the level 

of the underlying machine-learning technologies, including transparency of training data, model architecture, and 

performance metrics. These insights are directly relevant to the use of AI in CSR: the same properties that make AI 

a credible accountability mechanism —scalability, consistency, evidentiary rigour —also create new forms of 

opacity that must themselves be governed. 

3 Conceptual Framework  

Building on the literature reviewed above, this paper proposes a conceptual framework that maps four AI 

capabilities to four CSR mechanisms and to the stakeholder outcomes they are expected to produce (Figure 1). The 

framework draws on the principle, articulated by OECD [16], that AI’s social value depends not on the technology 

in isolation but on the institutional arrangements through which it is deployed. 



Nainesh Patel, International Journal of Arts, Social Sciences and Humanities | IJASSH | (https://ijassh.aaassher.org/) 

 

This journal is © AAASSHER 2026                                                                   IJASSH, 2026, 04 (04), 609 – 616 612 

 

The framework rests on four propositions. First, natural language processing (NLP) enables disclosure verification 

by analysing the linguistic properties of CSR reports at scale—including the use of vague quantifiers, passive voice, 

and unsubstantiated aspirational claims—and by cross-checking textual disclosures against structured operational 

data such as emissions inventories and audit findings [14]. Second, machine -learning anomaly detection enables 

real-time monitoring and audit by continuously evaluatin g ESG datasets for outliers, restatements, and 

inconsistencies across firms, sectors, and reporting cycles, thereby shifting assurance from point -in-time to 

continuous [2]. Third, blockchain -based distributed ledgers enable traceability and third -party assurance by 

creating tamper-evident, time-stamped records of supply-chain trans-actions, certifications, and impact data that 

independent verifiers can inspect without relying on the reporting firm [13]. Fourth, conversational AI and 

stakeholder analytics enable participatory engagement by providing multilingual grievance-intake channels, social-

media sentiment analysis, and structured feedback loops that surface community concerns in CSR governance 

processes [9]. 

The cumulative effect of these four mechanisms, as illustrated in the bottom band of Fig -ure 1, is a CSR 

ecosystem in which transparency is verifiable, accountability is continuous, and legitimacy is earned through 

procedural rather than merely discursive means. Importantly, the framework treats AI not as a substitute for 

human judgement but as an augmentation that shifts scarce human attention to the cases where it is most valuable. 

 

Figure 1. Conceptual framework mapping AI capabilities to CSR transparency and accountability mechanisms and 

stakeholder outcomes. Adapted from Floridi et al. [9], Jobin et al. [11], Kshetri [13], Berg et al. [2], and OECD [16]. 

4 AI Applications for CSR Transparency  

4.1 Natural Language Processing for Disclosure Analysis and Greenwashing Detection  

NLP techniques have matured to the point where they can analyse thousands of CSR reports across multiple 

languages and reporting frameworks in a fraction of the time required by human analysts. Recent applications 

include the automated scoring of report specificity, the classification of disclosure into substantive versus symbolic 

language, and the detection of contradictions between narrative claims and quantitative performance indicators 
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[14]. Such tools are particularly valuable in jurisdictions where reporting volume has expanded faster than 

assurance capacity, as is the case under the EU CSRD, which extends mandatory sustainability reporting to 

approximately 50,000 firms by 2028 [6]. Beyond retrospective analysis, NLP models can be deployed at the report-

drafting stage to flag claims that lack supporting evidence, prompting firms to either substantiate or remove them 

before publication. Used in this way, NLP functions as a quality -control layer that raises the floor of disclosure 

quality without imposing top-down content requirements. 

4.2 Blockchain -Enabled Supply Chain Traceability  

Supply chains are a long -standing locus of CSR accountability failure, particularly with respect to labour rights, 

deforestation, and conflict minerals. Blockchain -based traceability systems, in which each transaction and 

certification is recorded as an immutable, time-stamped entry on a shared ledger, address a key structural problem: 

the dependence of auditors on firm-provided summaries of upstream conditions [13]. Pilot deployments in food, 

textile, and mineral supply chains have demonstrated that distri buted ledgers can shorten the audit chain, enable 

down-stream buyers to verify upstream provenance, and reduce the cost of third-party certification. The credibility 

of these systems depends, however, on the quality of data entry at the point of origin: a blockchain can guarantee 

that a record has not been altered after the fact, but it cannot guarantee that the record was true when entered. 

Effective deployment therefore requires com-plementary investments in sensor networks, mobile data capture, and 

supplier capacity -building [12]. The contribution of blockchain to CSR transparency is consequently best 

understood as institutional rather than purely technological —it creates a shared evidentiary infrastructure on 

which multiple stakeholders can converge. 

4.3 ESG Data Aggregation and Rating Harmonisation  

The divergence of ESG ratings documented by Berg et al. [2] is in large part a methodological problem: different 

raters use different indicators, weight them differently, and source them from different —often opaque—data 

providers. AI offers a partial remedy through large -scale data aggregation, entity resolution across heterogeneous 

datasets, and the systematic surfacing of measurement disagreements. Several data providers now use machine -

learning pipelines to reconcile filings, news, satellite imagery, and  sensor data into firm -level ESG scores with 

explicit provenance trails, allowing users to inspect the basis of each score. While such tools do not eliminate 

normative disagreement about what should be measured, they make the dis -agreement transparent—and 

transparency about methodological disagreement is itself a form of accountability [2]. Recent regulatory 

developments, including the EU CSRD’s requirement for digitised tagging of sustainability information under the 

European Single Access Point, are likel y to accelerate the demand for AI -enabled data aggregation by making 

primary disclosures more machine-readable. 

5 AI Applications for CSR Accountability  

5.1 Automated Audit and Anomaly Detection  

Where transparency concerns the disclosure of information, accountability concerns the consequences attached to 

that disclosure. AI contributes to accountability by enabling continuous, automated audit of CSR performance 

against stated commitments. Machine-learning models can be trained on historical assurance findings to identify 

reporting patterns associated with material misstatement, fraud, or greenwashing, and then applied to new 

disclosures as they are filed. This shifts the assurance model from a per iodic, sampling -based review to a 

continuous, population-level scan, allowing auditors to focus their scarce attention on the highest -risk cases [2]. 
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The same techniques can be applied internally: boards and audit committees can use AI -driven dashboards to 

monitor the firm’s CSR performance against its public commitments in near real-time, identifying gaps before they 

escalate into reputational crises. 

5.2 Algorithmic Stakeholder Feedback Systems  

Accountability presupposes a channel through which stakeholders can voice concerns and through which firms 

must respond. Conversational AI, deployed via chatbots, structured grievance-intake systems, and natural-language 

analysis of social -media and employee-feedback data, can widen the bandwidth of this channel dramatically [9]. 

Multilingual NLP allows firms to ingest feedback from communities in which they operate without requiring those 

communities to navigate formal reporting channels, and sentiment-analysis models can flag emerging issues before 

they appear in mainstream media. The credibility of such systems depends on whether the feedback they elicit is 

genuinely fed into governance decisions: a chatbot that collects grievances which are then ignored will erode rather 

than build trust. Effective deployment therefore requires not only the AI layer but also the organisational routines 

and governance commitments that close the feedback loop. 

5.3 Smart Contracts for Impact -Linked Financing  

A more speculative but rapidly developing application is the use of AI -informed smart contracts to link CSR 

commitments to financial consequences. Sustainability -linked loans and bonds, whose interest rates adjust 

according to the borrower’s achievement of pre-agreed ESG targets, can in principle be automated through smart 

contracts that read verified performance data from blockchain oracles and trigger rate adjustments without manual 

intervention [12]. AI plays two roles in this architecture: first, in ver ifying that the performance data are reliable 

and comparable across reporting periods; second, in evaluating whether reported performance reflects substantive 

change rather than measurement artefact. While adoption remains limited, the approach illustrates how AI can 

move CSR accountability from a discursive to a contractual register, in which commitments carry explicit financial 

consequences. 

6 Challenges and Limitations  

The applications outlined above are not without significant challenges. The first is the “black -box accountability 

paradox”: AI models that are themselves opaque are ill-suited to serve as the backbone of accountability systems, 

since stakeholders cannot scrutinise the basis of their findings. This is particularly acute where deep -learning 

models are used to score CSR performance, as the model’s reasoning may be inaccessible even to its developers [5, 

18]. The second challenge is algorithmic bias: models tr ained on historical CSR data risk reproducing the biases 

embedded in that data, potentially penalising firms in developing economies or sectors with weaker reporting 

traditions [11]. The third is data quality: AI -driven assurance is only as reliable as the underlying data, and the cost 

of generating primary ESG data —particularly in supply chains and small and medium -sized enterprises (SMEs)—

remains substantial [2]. The fourth is regulatory: while the EU Artificial Intelligence Act [7] introduces risk -based 

obligations for high -risk AI systems, including those used in financial and ESG assessment, enforcement capacity 

and harmonised technical standards are still developing. Finally, a digital-divide concern arises: large multinational 

enterprises have the resources to deploy sophisticated AI assurance systems, while SMEs —which constitute the 

bulk of supply chains —may lack both the technical capacity and the data infrastructure to participate, potentially 

entrenching rather than narrowing accountability gaps. 
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7 Discussion and Implications  

The conceptual framework and applications reviewed above suggest three implications for theory and practice. 

First, AI extends accountability theory by introducing the possibility of continu -ous, population-level assurance, 

but it does so by creating a new object of accountability —the AI system itself —that must be governed through 

model cards, audit trails, and third -party model evaluations [5, 18]. Second, the credibility of AI -enabled CSR 

transparency depends on institutional rather than purely technical arrangements: data standards, independent 

model audits, and regulatory sandboxes are as important as the algorithms. The CSRD’s digitised re -porting 

requirements and the AI Act’s risk -based obligations are complementary in this respect, and their interaction 

deserves close empirical attention [6, 7]. Third, AI should be understood as an augmentation rather than a 

substitute for human judgement in CSR governance. The most promising deployments combine AI’s scalability 

with the contextual sensitivity of human  auditors, regulators, and stakeholder representatives, reserving human 

attention for the cases where ambiguity, conflict of values, or novel circumstances make purely algorithmic 

decisions inappropriate. 

8 Conclusion  

This paper has argued that artificial intelligence can play a substantive role in enhancing transparency and 

accountability in CSR initiatives, provided that its deployment is governed by appropriate institutional safeguards. 

The proposed conceptual framework maps four AI capabilities —natural language processing, machine -learning 

anomaly detection, blockchain-enabled distributed ledgers, and conversational AI—to four CSR mechanisms that, 

together, reduce information asymmetry, harmonise divergent ESG ratings, and operationalise emerging regulatory 

regimes. The paper is conceptual rather than empirical, and its claims would benefit from longitudinal evaluation of 

AI -enabled CSR assurance systems across multiple jurisdictions and sectors. 

Three priority areas for future research emerge: the development of standardised audit pr -tocols for AI 

models used in CSR assessment; comparative study of SME adoption pathways to mitigate the digital -divide risk; 

and empirical investigation of how the interaction between the EU CSRD and the AI Act shapes firm -level 

transparency and accountability outcomes. Realising AI’s potential in CSR is ultimately a governance challenge: the 

technology can make accountability cheaper, faster, and more comprehensive, b ut it cannot substitute for the 

political and institutional commitment to hold firms accountable for their social and environmental impacts. 
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