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Abstract 

This study sets out to understand the contribution of Explainable AI (XAI) techniques to data 

governance decision support with respect to organisational trust, accountability, transparency and 

compliance outcomes. To address this objective, a systematic literature review was performed on 

scientific publications and relevant policy documents. The retrieved articles were analysed with 

relevance coding to XAI methods, data governance applications and trust-related implications. A 

thematic analysis was then applied to group results into categories that allow for contrasting and 

comparing the different XAI approaches and their impact on data governance. 

The study revealed that four major XAI approaches exist (feature attribution, rule extraction, 

counterfactual explanations, and interpretable-by-design models), and they all contribute differently 

to governance workflows. The feature attribution methods, which include SHAP (SHapley Additive 

exPlanations) or LIME (Local Interpretable Model-agnostic Explanations), contribute to the 

transparency and accuracy of trust through the recognition of decision pathways, especially in relation 

to privacy-related risks. Rule extraction improves auditability and accountability by generating 

human-readable logic in finance and health governance to reinforce compliance. The counterfactual 

method allows fairness audits to be improved through bias mitigation, but there is still uncertainty 

concerning the conformation to discrimination law. On the other hand, the Interpretable models 

directly integrated transparency into the design of system architecture for public administration. User 

studies, trust scales, usability indicators, and audit outcomes were all evaluated, and they all showed 

improved stakeholder confidence and compliance readiness. IBM‘s AI Fairness 360, and Microsoft's 

Responsible AI dashboard which shows improved audit breaches and better organisational decision-

making, are real-life cases, that back these findings. 

In general, trust, accountability and compliance are attributes strengthened by XAI, which has been 

proven to improve data governance. Companies must take the double approach: standardise formats 

and train stakeholders. Policy makers should, while making a regulatory framework, include XAI. 

Keywords:  Explainable AI (XAI), Data Governance, Trust and Transparency, Accountability and 

Compliance, Fairness in Decision Support 
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Introduction 

Background and Rationale 

Explainable Artificial Intelligence (XAI) today, is at the forefront of AI research. It focuses on the 

challenge of overcoming machine learning complexity, and it is a model that makes AI interpretable 

by humans (Longo et al., 2024). As noted by Doshi-Velez and Kim (2017), XAI is transparent, 

traceable, and accountable for the system. In high-stakes areas such as health care, finance, and 

governance, AI interpretation will become more important, as it will be more important where opaque 

decision-making can undermine trust and compliance. Recently, research has shown that explanation 

mechanisms such as feature attribution or counterfactuals can not only improve user trust but also help 

regulators in their jurisdictions comply with legislatures (Adadi & Berrada, 2018; Teixeira et al., 

2025). 

Following the trend and popularity of XAI, data governance has come to be a paramount part of 

organisational and regulatory concerns. Data governance is referred to as the “policies, standards, and 

processes used to help ensure that data is handled in an ethical, secure, and compliant manner” 

(Thirunagalingam, 2022). Specifically in relation to AI, governance is required to trace data 

provenance and maintain privacy and accountability through automated decisions. The use of 

transparency and auditability of AI processes is mandated by the General Data Protection Regulation 

(GDPR) in the European Union and similar tools globally (Voigt and Vondem Bussche, 2017). 

There is a substantial research gap between XAI and data governance that needs to be bridged. 

Despite much of the XAI techniques research having been done in many technical contexts, XAI has 

not been applied for governance decision support. For example, while feature attribution methods could 

provide insight into “the precise features that contributed to the model’s prediction of compliance 

risk”, organizations may still not find it easy to translate these technical explanations into regulatory 

requirements (Samek et al., 2019; Samek, 2022). Interpretable-by-design models have semantic 

transparency, but they may not scale well. 

As a result, there is a disconnect between the technical explainability of these tools and their 

organisational needs, creating challenges in operationalising trust, accountability, and compliance 

outcomes. 

XAI and governance have only been studied together in parallel, rather than as integrated frameworks. 

There remain few studies that systematically assess the impact of different explanation designs on 

governance-related consequences, such as audit reinforcement, calibration of trust, and bias reduction 

(Chamola et al., 2023; Utomo et al., 2026; Olateju et al., 2024; Potluri, 2025; Pahune et al., 2025; Zhang 

& Wang, 2025; Samek et al., 2019; Samek, 2022). The absence of a common set of standards 

differentiating between various types of XAI discards the possibility of using XAI as a unifying tool 
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to support governance. The gap above needs to be filled with technical and regulatory perspectives 

that, while mathematically correct, would also be meaningful for compliance officers, auditors, and 

users. 

This paper contributes to the field by integrating the fragmented technical literature on post-hoc and 

intrinsic explainability to existing regulatory guidelines. This paper identifies many different 

governance applications in isolated industry segments and does not simply reiterate the need for 

transparency, but presents a unified perspective on governance that maps each of the mathematical 

explanation types to the specific requirements of the law (e.g., GDPR, EU AI Act) and offers an 

actionable, multi-layered conceptual framework to provide developers with increased oversight and 

audit readiness. 

The remainder of this manuscript is organised as follows: Section 2 provides the theoretical background, 

Section 3 the systematic selection process, Section 4 the synthesised results, and Section 5 provides a 

summarised framework and theoretical, managerial, and policy implications. 

Research Questions and Objectives 

This study aims to map the explainable AI(XAI) methods used in data-governance decision support 

with a particular focus on the effects of explanation design on trust, accountability, and compliance. 

Research Questions 

Which XAI approaches (feature attribution, rule extraction, counterfactual explanations, example-

based explanations, interpretable-by-design models) are used for data-governance decision support? 

How do these explanations improve trust-related outcomes (trust calibration, understanding, perceived 

transparency), and what evaluation methods are used (user studies, usability metrics, trust scales, audit 

outcomes)? 

What compliance and governance requirements are most frequently linked to XAI (privacy, 

accountability, auditability, bias/fairness), and what gaps exist between technical explainability and 

regulatory/organisational needs? 

THEORETICAL BACKGROUND 

Overview of Explainable AI (XAI) 

XAI refers to the ways and frameworks in which AI decision-making is understood by humans. 

Compared to older “black-box” models, XAI provides greater visibility into the effects of inputs on 

the final model outputs (Chinnaraju, 2025). Chamola et al. (2023) show that this interpretability is 

important in highly ethical or socially sensitive settings such as healthcare, finance and governance. 

XAI is based on several key techniques. “Feature attribution methods” such as SHAP and LIME, are 

used to highlight the variables most important in a model’s output and thus allow for more precise 

identification of decision pathways (Utomo et al., 2026). “Rule extraction approaches” extract human-
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readable rules from complex models and provide auditors and regulators with a consistent means to 

assess compliance (Pahune et al., 2025). The “counterfactual explanations” provide alternative 

scenarios in which small changes in input may impact outcome, which increases the fairness and 

accountability (Olateju et al., 2024). Decision trees or linear models are "interpretable-by-design" 

models, and enable transparency in their architecture rather than retrofitting explanations (Gupta, 

2022). 

XAI is not only important in technical terms. It acts as a governance agent, enabling regulators to check 

for fairness, auditors to follow responsibility, and end-users to calibrate trust in AI systems (Potluri, 

2025). As Shri (2025) argues, transparency-driven models increasingly require interpretability as a 

compliance requirement, indicating the shift from efficiency-based AI to trust-centred governance. 

Data Governance and Decision Support Systems 

Data governance can be understood as the policies, standards, and processes that allow for the ethical, 

secure, and compliant use of data. Traditional governance is concerned with the categorisation, 

auditing, and with legal adherence being the main concern (Gupta, 2022). However, these 

understanding conceptualize data as something more or less fixed and do not take into consideration 

the dynamic and adaptive character of AI systems (Zhang & Wang, 2025). 

Among them are access control to data, or the trade-off between openness and privacy; data quality 

management, or the maintenance of accuracy and consistency among systems; privacy, particularly 

with requirements like those in the GDPR; and auditability, or a transparent documentation of data 

flows and decision-making processes (Gudepu & Eichler, 2024). In reality, this has translated to 

unethical governance in the form of prejudiced hiring tools and biased healthcare diagnostic tools 

(Gupta, 2022). 

These AI-based decision support systems represent an opportunity to strengthen governance. The use 

of AI will simplify lineage tracing, anomaly tracing and compliance checks, allowing for better 

oversight and less human error (Pahune et al., 2025). But these systems create opacity without 

explanation. As noted by Chamola et al. (2023) technical accuracy is required for the purposes of 

governance as well as auditability and ethics of AI decisions. 

Thus, AI can augment efficiency and scale up monitoring, but can also create different risks of 

opacity. So it becomes necessary for these systems to have explanation as part of them to provide 

trustworthiness and social legitimacy to forms of governance (Shri, 2025). 

XAI and Data Governance Intersection 

According to Utomo et al. (2026), the combination of explainability and data governance models can 

enhance trust, accountability, and transparency, and fill in the gaps of a traditional compliance-driven 

approach. 
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XAI methods (SHAP and LIME), are able to track the flow of information in a way that enables the 

auditor to follow the decision pathways and assign culpability for errors (Hermosilla et al., 2025). The 

method of rule extraction of rules is a form of accountability because it enables governing actors to 

interrogate the logical processes of the algorithm in the context of regulation (O’Brien et al., 2025; 

Pahune et al., 2025). These methods, because factual accounts enhance fairness and bias perceptions, 

allow organizations to show alignment with moral expectations (De Schutter & De Cremer, 2024; 

Goethals et al., 2023; Olateju et al., 2024). 

The importance of interpreting AI’s decisions in the governance process from a socio-economic 

perspective is their social effect. Reversibility implies that healthcare professionals can validate AI-

powered medical diagnoses, finance is guaranteed as following regulations when implementing 

machine learning for automated lending, and citizens can contest the decisions by algorithms in public 

administration (Chamola et al., 2023; Maleki Varnosfaderani & Forouzanfar, 2024; Mennella et al., 

2024). Potluri (2025) argues that “explainability must be a compliance requirement of policy-aware 

systems" while Shri (2025) advocates for the utility of models of adaptive governance by employing 

the principle of use in an explainable manner. 

Though there has indeed been progress, issues remain. The concern for transparency instead of 

efficiency remains lagged in a lot of governance structures, creating a trust deficit in the long run 

(Zhang & Wang, 2025). Few have conducted empirical analyses of the ways in which XAI might 

influence governance, and most of the rest are theoretical. This is a space in which hybrid models 

need to be deployed that marry technical interpretability with institutional accountability to ensure 

that AI systems are efficient computationally and legitimate socially. 

Baseline Taxonomy of XAI Techniques in Governance 

To anchor the systematic analysis that follows, Table 1 provides a structural taxonomy of the primary 

XAI approaches evaluated in current literature, outlining their basic mechanism and primary data 

governance objective. 

Table 1: Taxonomy and Primary Governance Objectives of Evaluated XAI Approaches 

 

 

XAI Approach 

 

Core Technical Mechanism 

 

Primary Governance Objective 

 

Feature Attribution 

 

Computes local feature weights (e.g., 

SHAP, LIME). 

 

Algorithmic transparency and 

privacy validation. 

 

Rule Extraction 

 

Translates black-box logic into 

human-readable IF-THEN rules. 

 

Procedural auditability and 

compliance verification. 

 

Counterfactuals 

 

Generates minimal input changes to 

 

Bias detection, fairness auditing, 
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show alternative outcomes. and discrimination checks. 

 

 

Interpretable-by-Design 

 

Employs structurally transparent 

architectures (e.g., 

Decision Trees). 

 

Inherent accountability and post-

hoc-error-free governance 

 

METHODOLOGY 

Systematic Literature Review Approach 

The present work uses a systematic literature review (SLR) approach to provide a comprehensive 

account of studies on Explainable AI (XAI) and data governance. The advantages of an SLR include 

the ability to use a standardised, replicable, and open method to find, assess, and integrate pertinent 

research (Carrera-Riveraet al., 2022; Smela et al., 2023). 

Academic databases, including IEEE Xplore, ACM Digital Library, SpringerLink and ScienceDirect, 

and policy-related repositories like OECD and EU publications, were used in gathering data. 

Keywords included “Explainable AI,” “XAI,” “data governance,” “decision support,” “trust”, 

“compliance,” and “accountability.” Boolean operators were used to refine queries and catch 

terminology variations (Azarian et al., 2023). The search period was bounded between January 2018 

and May 2026 to capture the most recent advancements in post-hoc explainability and evolving global 

data regulations (such as the operationalisation of GDPR). 

To ensure reproducibility, a formalised multi-stage selection process was applied: 

Formulation and Duplicate Removal: Initial database search yielded 412 records. Automated and 

manual title deduplication removed 43 duplicate entries. 

Screening: The remaining 369 titles and abstracts were screened against initial relevance boundaries; 

146 articles were excluded for focusing strictly on unrelated computer-vision or non-governance 

technical tasks. 

Eligibility: 223 full-text articles were rigorously assessed. 

Quality Assessment Criteria: Studies were excluded if they failed to meet three baseline quality 

indicators: (a) clearly defined XAI methodologies, (b) explicit articulation of the governance, 

regulatory, or organisational application context, and (c) peer-reviewed institutional framework or 

empirical backing. Non-peer-reviewed white papers lacking methodological transparency were 

excluded. Following this quality filter, 174 papers were excluded, leaving a final synthesis cohort of 

49 studies. This selection flow is mapped precisely in the PRISMA flowchart (Figure 1). 

Data Extraction and Synthesis Process 

The individual papers chosen were each marked or coded based on relevance to various XAI 
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INCLUDED 
(Studies included in the synthesis = 

ELIGIBILITY 
(Full-Text Articles Assessed for 

SCREENING 

(Record after screening = 223) 

IDENTIFICATION 
(Total record identified from 

techniques including, Feature Attribution, Rule Extraction, Counterfactuals, Interpretable-by-design, 

Governance Applications including privacy, auditability and accountability, and Effects on trust 

including transparency, user confidence and fairness. Extraction templates included information on 

study methods, outcome measures, and reported outcomes. 

The synthesis employed thematic analysis and grouped studies according to types of XAI methods and 

governance domains. A comparison matrix was created to help understand the impacts of explanation 

design in governance outcomes and to identify patterning, strengths, and gaps in the literature. 

From the databases, 412 articles were retrieved, and after review of titles and abstracts for irrelevant 

articles, the authors excluded 189 articles as being either not applicable or not adequate. All remaining 

223 articles were reviewed in aggregate. In this process, 174 methodological articles which were either 

non-relevant or lacked complete data were excluded from analysis. A total of 49 studies were included 

in the study. 

 

 

Figure 1: PRISMA Flowchart 

 

Limitations 

The following limitations were acknowledged in this study. Firstly, relying on published academic 

literature alone may exclude industry practices or proprietary frameworks that are not publicly 

documented. Second, the diversity of assessment approaches within studies makes comparisons 

difficult because trust outcomes are often measured on several scales and metrics. Third, XAI and 

governance systems are rapidly changing, and findings can be inaccurate as new approaches and rules 

emerge. 

RESULTS 
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XAI Approaches in Data Governance 

There have been a number of Explainable AI (XAI) approaches that have been applied to data 

governance workflows. These methods differ in their technical design and governance relevance, but 

they together show that explanation can improve compliance, accountability and trust in AI-driven 

decision support systems. 

Feature Attribution Methods 

One of the most widespread forms of feature attribution was SHAP (SHapley Additive Explanations) 

and LIME (Local Interpretable Model-agnostic Explanations) for governance. (Mathew et al., 2025; 

Utomo et al., 2026; Chamola et al., 2023; Linardatos et al., 2020; Saarela & Podgorelec, 2024; Teixeira 

et al., 2025). These strategies measure the influence each input feature has on model predictions, 

enabling auditors and compliance officers to track decision-making. 

SHAP has been used to determine which factors have the greatest impact on risk scores in privacy 

governance (Antonini et al., 2024; Lin & Wang, 2025). SHAP explanations for healthcare 

compliance, for example, revealed the disproportionate influence of age and genetics on risk 

assessments that led 

regulators to reconsider implications for fairness (Gupta, 2022). Just almost the same as financial 

governance, LIME explanations explain why some loan applications were identified as high risk, 

which in turns enables transparency in credit decision-making (Shri, 2025). 

IBM’s AI Fairness 360 (AIF360) toolkit contains a full set of fairness metrics and bias mitigation 

algorithms for fairness audits to help organisations show compliance with anti-discrimination laws. 

SHAP and LIME, to a large extent, are used as interpretability techniques and are also often used in 

conjunction with AIF360 in practice so as to increase transparency and trust in fairness assessments 

(Varshney, 2024; Choudhary, 2025). KPMG’s 2024 global survey indicated that 72% of companies 

are already selectively implementing AI in financial reporting, predicting the rate to 99% within three 

years, and Gartner (2024) said that 41% of internal audit teams are considering generative AI. 

Rule Extraction Approaches 

Rule extraction technologies extract human-readable rules from complex models and provide clear 

explanations that correspond to governance requirements (Pahune et al., 2025). These approaches are 

particularly useful for data quality governance where compliance officers are asked to verify the 

integrity of algorithms. 

For instance, in the case of financial governance, rules have been extracted from credit scoring models 

which allow for specific decisions that auditors can analyse (Bahlool et al., 2026). This has made audit 

readiness to be more conducive, since regulators can now see whether decision rules are consistent 

with legal requirements (Shri, 2025). As reported by Chamola et al. (2023), the rule extraction method 
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has been used in healthcare governance to detect anomalies across patient data and to ensure that 

diagnostic models follow privacy regulations. 

In 2025, European banks began to include rules-based explanations in fraud detection systems to allow 

auditors to trace suspicious transactions back to specific decision rules. Scholars and industry 

publications indicate that such approaches increase regulator confidence and reduce compliance risks 

by making decisions based on AI more transparent and accountable (Bellamy et al., 2019; Kokina & 

Davenport, 2017). 

Counterfactual Explanations 

Counterfactual explanations offer alternative scenarios in which small changes in input could change 

outcomes (Olateju et al., 2024). These explanations are relevant in contexts of governance where 

fairness and bias mitigation are paramount. 

Counterfactuals for different user attributes affect access permissions are provided in access control 

governance. For example, in hiring governance, counterfactuals showed that altering gender or 

ethnicity variables affected hiring outcomes and enabled organizations to identify and mitigate bias 

(Potluri, 2025). Counterfactuals have been used in privacy governance to show the effects of removing 

sensitive attributes (e.g. ethnicity) on risk scores in order to support fairness audits. 

Google’s What-If Tool (WIT) provides counterfactual explanations for model predictions to help 

organizations test fairness across demographic groups. In practice, healthcare providers and other 

regulated industries have sought counterfactual interpretations of predictive AI systems to explain 

consistent outcomes across populations and thus comply with regulatory requirements for non-

discrimination (Pandey, 2025; Wexler et al., 2019). 

Interpretable-by-Design Models 

Interpretable-by-design models emphasize transparency in architecture, meaning explanations are not 

retrofitted but inherent (Chinnaraju, 2025). Decision trees, linear regression and rule-based classifiers 

are some of the examples. These models may suffer from a lower predictive accuracy than deep 

learning, but are especially useful in transparency driven governance workflows. 

For privacy governance, access rules are based on interpretable models that can be audited by itself, 

so there is less need for post-hoc explanations (Zhang & Wang, 2025). Credit scoring has been scored 

using decision trees in financial governance, providing explicit decision pathways that regulators can 

easily audit. 

In public administration, more agencies have adopted decision tree models for citizen eligibility 

assessments. These models have a clear structure that auditors can trace all decisions, and thus 

improve transparency and reduce citizen concerns about opaque outcomes (Molnar, 2025; Kokina & 

Davenport, 2017). 
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In the year 2025, Li as an author, claimed that " by allowing auditors to essentially trace the path of 

decisions made in the analysis of citizen eligibility, decision tree models and other forms of 

interpretable AI applications can contribute to increased transparency in public administration”. On 

the other hand, these solutions reduce the transparency of government processes, while providing 

enhanced accountability and thus lessen the friction amongst citizens regarding the fairness of AI-

driven governance. 

Use Cases Across Governance Workflows 

Several governance workflows where XAI methods have been applied were identified in this study. 

They are; 

Access Decisions: Feature attributions and counterfactuals make it clear to users why they are being 

provided access or not and so add to the accountability of identity management systems (Ribeiro et 

al., 2016; Wexler et al., 2019). 

 

Privacy Risk Assessment: SHAP and LIME show which variables are sensitive, allowing the 

compliance officer to assess the privacy risks in the context of GDPR (Lundberg & Lee, 2017; Ribeiro 

et al., 2016). 

 

Data Quality Governance: Methods of rule extraction identify anomalies in the lineage of data, 

allowing governance frameworks to remain sound (Molnar, 2025). 

 

Audit and Compliance: They offer open decision logics, which helps these models be more audit ready 

and regulation compliant (Kokina & Davenport 2017; Li, 2025). 

 

Microsoft’s Responsible AI Dashboard offers governance audits of feature- attribution, 

counterfactuals, and fairness measures (Microsoft, 2025). It was reported that the dashboard was 

being used by multinational companies to legitimize HR recruitment AIs, to find biases in candidate 

selection, and to find ways to fix that (Naoum et al., 2026; Soleimani et al., 2025). These findings also 

imply, that feature attribution methods provide very fine-grained insight into the rationale behind a 

specific decision, set up the explanation of rules extraction, provide counterfactuals for fairness 

auditing, and help in making the model interpretable as a part of the system’s design. 

 

But there are also challenges as most of the XAI techniques are not accessible to non-technical 

stakeholders that require technical know-how (Chamola et al., 2023). Also, standard disclosures are 

needed by regulatory frameworks but the formats and levels of clarity of XAI techniques vary 
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immensely (Shri, 2025). There is a need to fill in this void in a blend of technical innovative and 

regulatory comprehension. 

 

Trust Outcomes and Evaluation Methods 

Using Explainable AI (XAI) to enhance data governance workflows creates trust. Many have argued 

that an explanation increases trustworthiness, perceived transparency and accountability and thus 

legitimacy of compliance and governance. 

XAI Contributions to Trust Outcomes 

 

Trust Calibration 

 

Trust calibration is a process that helps to align trust between the user and the actual reliability of AI 

systems. Without explanation, users can over-reliance on or dismiss AI outputs, which results in poor 

governance. In addition, features attribution methods such as SHAP and LIME enable better calibration 

by clarifying what variables influence decisions (Utomo et al., 2026). In governance environments, 

calibrated trusts ensure compliance officers are able to use AI recommendations in the appropriate 

way. For example, in healthcare governance, SHAP explanations helped clinicians to distinguish 

diagnostic outputs, thereby preventing blindness and over-scepticism (Gupta, 2022). 

 

Understanding and Transparency 

 

Rule extraction and interpretable models make user understanding more intuitive by providing clear 

decision criteria. Rule-based explanations for credit risk were made available in financial governance 

and then able to permit auditors to check for compliance with regulatory requirements (Shri, 2025). 

Transparency is particularly important in public administration, where citizens need to be able to 

challenge algorithmic decisions. Case studies have shown that the use of interpretable models in 

assessments for citizen eligibility improved transparency and reduced complaints about opaque 

outcomes (Chamola et al., 2023). 

 

Perceived Fairness and Accountability 

 

Counterfactual explanations also enhance the illusion of fairness by demonstrating how different inputs 

can lead to different outcomes. Counterfactuals suggest that it altered hiring decisions, which became 

a proxy for gauging employee performance, in trying to identify and penalize bias (Potluri, 2025). 
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Accountability is more readily achieved when there is a visible line of accountability for the outcomes 

of the algorithms, a necessity that is beginning to be seen as important within governance structures 

(Pahune et al., 2025). 

 

Deloitte’s 2024 report found that those companies that had begun to implement healthy AI were more 

aware of stakeholder trust in the governance process. As with IBM’s AI Fairness 360 toolkit, 

combining metrics of fairnes with methods of interpretability such as feature attributions or 

counterfactuals has been shown to reinforce fairness assessments and increase accountability of 

organizations (Bellamy et al., 2018). 

 

Evaluation Methods in Studies 

 

Several evaluation methods used to measure trust outcomes within data governance are identified 

include;. 

 

User Studies 

 

Controlled experiments are the most common evaluation method. Participants interact with XAI 

systems and report trust levels, often through surveys or interviews (Utomo et al., 2026). For example, 

clinical trials conducted in healthcare governance showed that clinicians felt more confident when 

diagnostic systems were presented with SHAP explanations. 

 

Trust Scales 

 

User confidence is often quantified via standard measures, such as the Trust in Automation Scale 

(Olateju et al., 2024). They are used to describe factors such as reliability, predictability and 

transparency. Trust scales, for example, in financial governance, showed that auditors assessed rule-

based explanations as more trustworthy than black-box outputs. 

 

Usability Metrics 

 

Usability measures explanation clarity, relevance, and cognitive load. Studies indicate that explanations 

need to balance detail and simplicity; too technical outputs overwhelm non-expert stakeholders 

(Chamola et al.,2023). Usability measures are important in governance contexts to ensure that 
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explanations are accessible to all stakeholders, including regulators, auditor and citizens. 

 

Audit Outcomes 

 

Audit readiness is another form of assessment. Companies evaluate XAI justification in terms of 

compliance with norms of transparency and accountability mandated by regulations (Zhang & Wang, 

2025). GDPR, for instance, requires companies to provide "meaningful information" about automated 

decision making. These requirements have been contrasted to XAI techniques such as rule extraction 

and interpretable models for better auditability. 

 

Challenges in Measuring Trust 

Despite these advances, there are still issues associated with evaluating trust outcomes. These include; 

 

The multidimensional nature of trust, which explains that trust is influenced by cultural, 

organisational, and regulatory factors, making it difficult to measure consistently. 

 

The stakeholder diversity, which requires the tailoring of explanations to stakeholder needs. This is 

because technical explanations may suffice for auditors but overwhelm end-users (Chamola et al., 

2023). 

 

There is limited empirical evidence as many evaluations rely on small-scale user studies, limiting 

generalizability. In addition, large-scale and longitudinal studies are needed to validate findings across 

diverse governance contexts. 

 

The issue of regulatory alignment as regulators often struggle to interpret technical outputs, though, 

XAI methods improve transparency. Given as an example, SHAP explanations may be mathematically 

rigorous but difficult for non-technical stakeholders to understand (Shri, 2025). 

 

Compliance and Governance Requirements 

Compliance Needs Related to XAI 

 

Privacy and Risk Management 

 

Privacy is a central compliance requirement in AI governance. Regulations such as the EU General 
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Data Protection Regulation (GDPR) mandate organizations to provide “meaningful information” 

about automated decisions (European Union, 2024; Voigt & Von dem Bussche, 2017). Explainable 

AI (XAI) methods enhance privacy protection by clarifying how variables influence outcomes. Tools 

like SHAP identify which attributes drive risk scores, enabling regulators to verify appropriate use of 

personal data (Utomo et al., 2026). Counterfactual explanations further support compliance by showing 

how removing sensitive attributes—such as ethnicity or health status—affects outcomes, aiding 

fairness audits (Olateju et al., 2024). 

 

Privacy and risk tracking are a set of compliance-requiring behaviours in the AI Act in the EU and the 

NIST AI Risk Management Framework (AI RMF) in the NIST (EU, 2024; NIST, 2023). In these 

frameworks, specific documentation and mitigation requirements for high-risk AI are required (EU, 

2024; NIST, 2023). XAI techniques, such as feature attribution metrics (SHAP/LIME), can support 

these frameworks by measuring the contribution of attribute properties to the risk score, allowing 

compliance officers to provide evidence that they have adhere to data minimization principles. 

 

Accountability and Global Principles 

 

Accountability requires that organisations can trace the responsibility for algorithmic outcomes. 

International mandates, including the OECD AI Principles (OECD, 2024) and relevant ISO/IEC AI 

governance standards (such as ISO/IEC 38505-1), dictate that organisations must maintain clear lines 

of accountability for algorithmic workflows. Rule-based explanations have been used in financial 

governance to show accountability in credit scoring, providing explicit decision criteria for auditors to 

ask questions of model logic (Pahune et al., 2025) and ensuring that decision pathways are aligned 

with regulatory standards (Shri, 2025). Including interpretable-by-design models as part of the system’s 

architecture also has the advantage of representing systems more accurately than post-hoc 

explanations are able to do (Chinnaraju, 2025). 

 

Auditability 

 

Auditability is an aspect that has been very important in compliance frameworks like GDPR and other 

regulations. Decision trees and interpretable models enhance auditability through transparent decision 

pathways (Zhang & Wang, 2025) while features attribution also aids auditability in that auditors can 

duplicate decisions pathways and determine who is to be held accountable for the outcomes (Chamola 

et al., 2023). The practical impact shows that organizations using XAI methods are more prepared for 
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audits. 

 

Fairness 

 

Fairness is also becoming a compliance requirement as well, especially regarding recruitment, lending, 

and healthcare governance. Counter factual explanations and fairness sensitive models help 

organizations in recognizing and addressing bias (Potluri, 2025). Fairness audits employ XAI to show 

that there is no discrimination, and that equal opportunity regulations are being obeyed in the hiring 

regime. IBM’s Artificial Intelligence Fairness 360 toolkit offers objective measures of fairness as well 

as counterfactual explanations, allowing businesses to show adherence to anti- discrimination 

legislation. 

 

Identified Gaps Between Technical Explainability and Regulatory Needs 

 

Important gaps still exist between technical explainability and regulatory or organizational 

requirements. 

The output of many XAI techniques is mathematically correct, yet technically complex for non-

technical stakeholders to interpret. SHAP values, for instance, offer a very detailed view, but may be 

too technical for a regulator without a strong data science background. 

Normative explanations are often required to be uniform, while explanations produced by XAI 

methods are heterogeneous in form and clarity. The absence of standardization makes it difficult to 

conduct compliance audits 

Counterfactual explanations can be fair but not necessarily discriminate by legal definition. 

Regulators need justifications that correlate with legal definitions rather than with technical 

parameters. 

Several governances use cases of XAI are still hypothetical and lack empirical evidence. The utility of 

XAI in contexts of compliance has yet to be proven in large-scale, longitudinal studies. 

Even when technical, XAI approaches are valid, they are typically not implementable in 

organizational governance workflows. 

SYNTHESIS OF FINDINGS 

This systematic review established that Explainable AI (XAI) methods are important in enhancing 

governance outcomes in terms of trust, accountability, transparency and compliance. XAI methods 

were defined in the literature as feature attribution, rule extraction, counterfactual explanations, and 

interpretable-by-design models. Each method is useful to governance workflows and does so 
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independently, but in different ways depending on the context and stakeholder requirements. 

 

Feature attribution methods such as SHAP and LIME were found to be highly useful for clarifying 

decision paths, particularly in regard to privacy risk assessment and audit readiness. These methods 

provide more detailed information about the effect of variables on outcomes, which is helpful to 

calibrate 

trust and to ensure transparency. However, their technical complexity can often prevent access for non-

expert stakeholders. 

 

The extraction of rule steps proved to be very consistent with accountability and auditability 

requirements. These methods provide a human-readable way for auditors and regulators to confront 

algorithmic logic directly. Rule extraction in financial governance improved audit readiness by 

clarifying credit scoring criteria, while rule extraction in healthcare governance improved detection of 

anomaly in patient data lineage. 

 

Counterfactual explanations are especially useful in fairness audits, as they explain the impact of 

changing variables on outcomes. Counterfactuals found potential bias in hiring decisions in recruitment 

governance, which facilitated corrective action for the organizations. Counterfactuals promote 

perceived fairness, but are prone to fall outside of legal definitions of discrimination, which highlight 

the gap between technical explainability and regulatory needs. 

 

“Interpretable-by-design” models incorporated transparency as part of the system itself, rather than 

having to find explanations after the fact. These models were also seen as particularly effective within 

public administration, where accountability to citizens and transparency are vital. But they are not as 

accurate as deep learning models, and they cannot scale in complex governance environments. 

 

Comparatively, the effectiveness of these approaches are summarised as follows: 

 

 

XAI Method 
Governance Use Cases 

 

Strengths 

 

Limitations 

 

Feature Attribution 

(SHAP, LIME) 

 

Privacy risk 

assessment, audit 

readiness 

 

Granular insights, 

transparency, trust 

calibration 

 

Technical complexity, 

limited accessibility 

 

Rule Extraction 

Data quality governance, 

financial audits 

 

Human-readable rules, 

 

May oversimplify 
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accountability, auditability complex models 

Counterfactual 

Explanations 

Recruitment fairness, 

access control 

Bias detection, fairness, 

perceived accountability 

Misalignment with legal 

definitions 

 

Interpretable Models 

Public administration, 

citizen eligibility 

Inherent transparency, 

auditability, trust 

Lower accuracy, limited 

scalability 

 

Comparing the two methods reveals that they have different trade-offs for their governance utility. 

Though both SHAP and LIME provide post-hoc local feature attribution, SHAP is preferred in 

governance contexts as its game-theoretic approach yields efficiency, symmetry, and monotonicity. It 

is therefore consistent mathematically through compliance audits, whereas LIME depends on local 

perturbations, which can produce non-reproducible explanations for the same data input. 

 

In contrast, rule extraction techniques are superior if absolute regulatory auditability over model 

optimization is a priority, such as in areas with high compliance risk such as fraud detection and data 

lineage verification. In such situations, the value of converting complex neural pathways into readable 

logic outweighs the modest predictive performance. 

 

But, counterfactual explanations can be problematic in fairness audits because it can indicate how 

changing a small amount of data impacts algorithmic outcomes (e.g., changing a gender flag), but the 

algorithmic parameters may not match current case-law definitions of systemic discrimination or 

protected characteristics. 

 

Interpretable-by-design models are therefore more suited to basic civic administrative contexts, such 

as assessment of public citizen eligibility, where absolute structural transparency and elimination of 

post-hoc explanation errors are legal requirements to maintain institutional legitimacy, even if it limits 

the general predictability of the model. 

Overall, the findings suggest that while XAI approaches may provide some value to governance 

outcomes, they do not necessarily perform as well in practice given the requirements of stakeholder 

and regulatory contexts. The gap between technical outputs and legal or organizational requirements 

remains a crucial challenge. 

 

The XAI-Data Governance Decision Support Framework (XAI-DGF) 

 

In order to bridge the identified gaps between technical explainability outputs and regulatory needs, a 

new framework is proposed. It is the Explainable AI-Data Governance Framework (XAI-DGF). As 
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shown in Figure 2, this conceptual framework in operation will show how distinct XAI methods 

translate through the operational governance mechanisms to achieve calibrated trust and compliance 

outcomes. 

 

The framework operates across four interconnected layers: 

 

Technical XAI Layer: Consists of the core explainability pipelines—Feature Attribution 

(SHAP/LIME), Rule Extraction, Counterfactuals, and Interpretable-by-Design models. 

 

Operational Governance Layer: Maps these technical outputs directly onto localised workflows, 

specifically Access Decisions, Privacy Risk Assessments, & Data Quality Management. 

 

Sociotechnical Evaluation Layer: Evaluates the clarity and utility of explanations through mixed-

method assessments, including standardised Trust Scales (e.g., Trust in Automation Scale), Usability 

Metrics (cognitive load), and User Studies. 

 

Strategic Outcome Layer: Realises the final institutional goals of calibrated user trust, strict regulatory 

compliance readiness (e.g., GDPR), verifiable accountability, and minimised legal/algorithmic bias 

risk. 
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Figure 2: The Conceptual Architecture of the XAI-Data Governance Framework (XAI-DGF) 

 

Discussion of Multi-Layered Implications 

 

Theoretical Implications 

 

From a theoretical perspective, this study recontextualizes explainability as an active, structural 

mechanism of sociotechnical governance rather than a static computer-science logging tool. By 

demonstrating how distinct post-hoc styles correspond to varying organizational frameworks, we 

provide a unified taxonomy that bridges the conceptual gap between mathematical transparency and 

human trust dynamics. 

 

Managerial and Enterprise Implications 

 

For enterprise managers and data controllers, these findings dictate the adoption of a hybrid XAI 

infrastructure. Organizations should not rely on a singular technical tool; instead, data management 
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leaders must deploy multi-tiered explanation delivery pipelines, such as utilizing granular 

SHAPattribution for technical data engineering audits while leveraging human-readable rule 

extractions to ensure operational compliance clarity for business division leads. 

 

Policy and Regulatory Implications 

 

For policymakers, this study highlights that future AI statutory mandates must move beyond generic 

demands for "meaningful information." Regulatory bodies should actively standardize compliant 

reporting documentation frameworks, leveraging established paradigms like Microsoft’s Responsible 

AI dashboard or formalized Model Cards, to establish uniform criteria that reconcile technical model 

transparency with clear, enforceable legal definitions of non-discrimination and auditable corporate 

stewardship. 

 

Agenda for Future Research 

 

Based on the synthesis of the current literature, five critical avenues are proposed to advance the 

integration of XAI within data governance architectures: 

 

Longitudinal Governance Frameworks: Future research must transition from cross-sectional 

evaluations to long-term studies that track how XAI integration affects compliance decay and 

organizational trust calibration over multiple fiscal or regulatory cycles. 

 

Empirical Validation of Mixed Frameworks: There is a critical need to empirically test and quantify 

the operational efficacy of the proposed XAI-DGF architecture within live enterprise environments to 

observe real-world performance trade-offs. 

 

Sector-Specific XAI Architectures: Researchers should develop tailored, domain-specific 

explainability implementations designed explicitly around the nuanced legal demands of distinct 

operational environments, such as medical diagnostics or automated financial lending. 

 

Standardised Governance Metrics: The community must establish unified, mathematical evaluation 

metrics that can calculate an explanation’s regulatory compliance readiness, moving past subjective 

usability scales. 

 

https://wenjibra.com/index.php/cn
https://wenjibra.com/index.php/cn


CogNexus 
Multilingual, International, Peer-Reviewed, Open Access Journal 

Vol. 1(4) 2025, 218-244 

 
 
 

238 
 

Cross-Jurisdictional Regulatory Harmonisation: Comparative policy analyses are needed to 

investigate how technical XAI outputs can be structurally designed to simultaneously satisfy 

diverging legal standards across global frameworks, such as navigating the intersections of the EU AI 

Act and the NIST AI RMF. 

 

CONCLUSION 

In conclusion, this systematic review addresses a critical gap in literature by integrating fragmented 

post-hoc explainability methodologies with formal compliance mechanisms, offering a unified 

architectural perspective on trustworthy decision support. 

 

For XAI to be successfully incorporated into governance process there needs to be an organizational 

commitment and policy support. In practice, organizations could look at hybrid forms, which is, the 

combination of various forms of XAI and tailoring the explanations to distinct user profiles. Protocols 

for explaining, well-trained compliance officers, and transparency from the very beginning of the 

development of any system are critical to effectiveness. 

 

Policymakers can also play an important role in fostering the enactment of XAI. Regulations have to 

follow in order to make explainability a point of compliance but also help shape what kind of 

explanations and what criteria for evaluation. For instance, Google’s Model Cards and Microsoft’s 

Responsible AI dashboard are examples of how regulation might look by having technical 

documentation that correlates technical output with governance expectations. Policymakers can be a, 

if not the, facilitator to ensure considerably easier cooperation amongst AI researchers, regulators, and 

industry to ensure that XAI serves to improve the legitimacy of governance, to minimize the problem 

of non-compliant audits, and to build up public trust in AI-driven decisions. 
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