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Abstract: As artificial intelligence systems increasingly automate high-stakes business decisions in credit scoring, hiring, and medical diagnostics, the demand for transparency and accountability has become critical. This paper addresses the 'explainability paradox' where the most powerful machine learning models operate as black boxes, undermining stakeholder trust and creating regulatory compliance challenges. Through a systematic literature review, this study synthesizes the key dimensions of AI explainability, analyzes current technical approaches to Explainable AI (XAI), and proposes a comprehensive design framework for accountable AI systems. The framework aligns technical design choices with specific business needs and regulatory requirements, including the EU AI Act and GDPR. This research advances human-centered AI theory and provides practitioners with a practical methodology for assessing explainability requirements and implementing appropriate technical and organizational solutions.
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1 		Introduction
The rapid integration of Artificial Intelligence (AI) and Machine Learning (ML) into high-stakes business decision-making processes has fundamentally transformed how organizations operate. From credit scoring and hiring decisions to medical diagnostics and loan approvals, AI systems now influence outcomes that directly affect individuals' lives and opportunities (Salih et al., 2025; Tchuente et al., 2024). However, this proliferation of AI-driven decision-making has exposed a critical challenge: the "explainability paradox" (Ihejirika, 2025).
The explainability paradox describes the tension between model performance and interpretability. The most powerful machine learning models - deep neural networks, ensemble methods, and complex gradient-boosting algorithms, achieve superior predictive accuracy precisely because of their complexity and non-linearity. Yet this same complexity renders these models opaque "black boxes," making it difficult or impossible for stakeholders to understand how specific decisions are made (Şahin et al., 2025). This opacity creates significant risks: stakeholders lose trust in AI systems, error analysis becomes nearly impossible, and organizations face substantial regulatory compliance challenges (Sahoh & Choksuriwong, 2023).
The regulatory landscape has responded to these concerns with unprecedented urgency. The European Union's Artificial Intelligence Act (EU AI Act), which entered into force in 2024, establishes a risk-based framework for AI governance with stringent transparency obligations (Sapienza & Palmirani, 2025). Article 50 of the EU AI Act mandates that providers of AI systems inform users when they interact with an AI system, unless it is obvious or the AI is used for legal purposes. For high-risk AI systems, the Act requires detailed documentation and human oversight. The General Data Protection Regulation (GDPR), enacted in 2018, similarly mandates a "right to explanation" for individuals affected by automated decision-making (Wulf & Seizov, 2024). These regulatory requirements have created an urgent imperative for organizations to develop AI systems that are not only effective but also transparent and accountable.
This paper addresses this critical challenge by investigating how organizations can design and implement AI systems that balance performance with explainability and accountability. The research synthesizes findings from a systematic literature review across computer science, management, and legal scholarship to propose a comprehensive framework for designing accountable AI systems in business contexts.

2    Literature review
2.1    The Evolution of Explainable AI (XAI)
Explainable Artificial Intelligence (XAI) has emerged as a distinct research area in response to the growing deployment of AI systems in high-stakes domains. The field addresses a fundamental question: how can we make complex machine learning models understandable to humans without sacrificing predictive performance (Saranya & Subhashini, 2023).
Three key concepts underpin XAI: transparency, interpretability, and justifiability. Transparency refers to how open the system is about its processes and decision-making logic. Interpretability describes the degree to which humans can understand the cause of AI system decisions. Justifiability encompasses the system's ability to provide valid reasons for its decisions that align with human values and expectations (Tchuente et al., 2024). These three dimensions are not interchangeable; a system can be transparent without being interpretable, and interpretable without being justifiable. The evolution from inherently interpretable models to post-hoc explanation methods reflects the broader tension in machine learning. Early machine learning systems often employed inherently interpretable models such as decision trees, linear regression, and rule-based systems. These models sacrifice predictive accuracy for transparency - stakeholders can easily understand how inputs map to outputs. However, as the field matured and applications became more complex, practitioners increasingly adopted black-box models that achieved superior performance but sacrificed interpretability (Azodi et al., 2020).
This shift prompted researchers to develop post-hoc explanation methods, techniques that explain predictions from already-trained black-box models without requiring changes to the model itself. These methods represent a pragmatic compromise: organizations can deploy high-performance models while still providing explanations to stakeholders (Petch et al., 2022).

2.2    Technical Approaches to Explainability
The most widely adopted XAI techniques are Local Interpretable Model-Agnostic Explanations (LIME) and SHapley Additive exPlanations (SHAP). Both methods have become industry standards for explaining machine learning predictions, particularly in financial services and healthcare (Hettikankanamage et al., 2025). LIME, developed by Ribeiro et al. (2016), works by creating local approximations of complex models. For a given prediction, LIME perturbs the input data and observes how the model's predictions change. It then fits a simple, interpretable model (typically a linear model) to these perturbed inputs and predictions. The coefficients of this simple model reveal which features most influenced the prediction. LIME's key advantage is its model-agnostic nature—it can explain any machine learning model without requiring access to the model's internal parameters (Ribeiro et al., 2016). SHAP, developed by Lundberg & Lee (2017), is grounded in game theory and the Shapley value concept from cooperative game theory. SHAP calculates each feature's contribution to the difference between the model's prediction and the average prediction across the dataset. This approach provides both local explanations (why a specific prediction was made) and global explanations (which features are most important overall). SHAP has gained particular traction in financial services because its game-theoretic foundation provides a principled, mathematically sound approach to feature attribution (Lundberg & Lee, 2017). Recent research has highlighted both the strengths and limitations of these techniques. While LIME and SHAP are widely applicable and relatively easy to implement, they have important limitations. Both methods assume feature independence, which may not hold in real-world data. Their explanations can be sensitive to hyperparameter choices, and the quality of explanations is difficult to validate objectively (Salih et al., 2025). Additionally, these techniques provide local explanations that may not generalize to the global model behavior.

2.3    The Trust-Transparency Nexus
Trust in AI systems is multifaceted and context-dependent. Research in human-AI collaboration has identified several factors that influence trust formation: system reliability, transparency, fairness, and the presence of human oversight (Afroogh et al., 2024). Explainability plays a crucial role in this trust formation process, but the relationship is not straightforward.
Transparency and explainability increase stakeholder understanding of how AI systems make decisions, which can enhance trust. However, research has also identified a "trust-action gap"—a phenomenon where increased transparency does not automatically translate into increased adoption or reliance on AI systems (Ning et al., 2024). This gap suggests that explainability is necessary but not sufficient for building trust. Other factors, including the perceived fairness of decisions, the presence of human oversight, and alignment with stakeholder values, also influence trust formation (Park et al., 2025). 
In business decision-making contexts, stakeholders have different trust requirements. Customers may prioritize assurance that their personal data is protected and that decisions affecting them are fair. Employees may focus on whether hiring or promotion decisions are based on relevant qualifications rather than bias. Regulators emphasize compliance with legal requirements and the ability to audit decision-making processes. Designers and data scientists need to understand these diverse stakeholder perspectives when implementing explainability mechanisms (Wen et al., 2025). 
Recent research on human-AI collaboration in decision-making has shown that trust is calibrated—stakeholders develop appropriate levels of reliance on AI systems based on their understanding of system capabilities and limitations (Ding et al., 2025). Explainability contributes to this calibration by helping stakeholders understand when AI recommendations are reliable and when human judgment should override AI suggestions (Choung et al., 2025).

2.4    Regulatory Frameworks and Algorithmic Accountability
The regulatory landscape for AI has evolved rapidly, with multiple jurisdictions implementing frameworks that mandate explainability and accountability. The EU AI Act represents the most comprehensive regulatory approach to date (Seifi et al., 2025).  The EU AI Act classifies AI systems into risk categories: prohibited, high-risk, limited-risk, and minimal-risk. For high-risk AI systems—those used in critical domains such as employment, credit scoring, and criminal justice—the Act mandates extensive transparency obligations. Specifically, Article 50 requires that providers inform users when they interact with an AI system. For high-risk systems, providers must maintain detailed documentation of the system's development, testing, and deployment. Additionally, affected individuals have the right to request an explanation of decisions made by high-risk AI systems (Sapienza & Palmirani, 2025). 
The GDPR, enacted in 2018, contains complementary provisions. Article 22 restricts automated decision-making that produces legal or similarly significant effects, requiring that individuals have the right to obtain human review of such decisions. Article 13 mandates that organizations provide information about the logic of automated decision-making to data subjects. These provisions create a legal foundation for the right to explanation, though the practical implementation of this right remains contested (Wulf & Seizov, 2024). 
Beyond Europe, other jurisdictions are developing AI governance frameworks. The United States has issued an Executive Order on AI that emphasizes responsible development and deployment. The NIST AI Risk Management Framework identifies seven key characteristics of trustworthy AI: validity and reliability, safety, security and resilience, accountability, transparency and explainability, and fairness. The United Kingdom has adopted a principles-based approach to AI regulation, emphasizing innovation while ensuring responsible development (Leopard & Epstein, 2025). 
The shift toward "XAI-Compliance-by-Design" represents an important development in AI governance. Rather than treating explainability as an afterthought, organizations are increasingly integrating explainability requirements into the AI development process from the outset. This approach involves documenting explainability requirements during the design phase, selecting appropriate technical methods and organizational governance structures, and continuously monitoring the system's explainability and fairness in production (Goncalves & Correia, 2026).

3    Methodology
3.1    Research Design and Questions
This research employs a systematic literature review combined with conceptual framework development. The study is guided by three primary research questions that structure the investigation and provide a foundation for the conclusions:
RQ1: What are the key technical dimensions of explainability in AI systems, and how do current XAI techniques address these dimensions in high-stakes business applications?
RQ2: How do explainability and transparency influence stakeholder trust and acceptance of AI systems in business decision-making contexts?
RQ3: What organizational and technical design principles should guide the development of AI systems that are simultaneously effective, explainable, and compliant with emerging regulatory requirements? 

3.2    Data Collection and Search Strategy
The systematic literature review employed comprehensive searches across multiple academic databases: Web of Science, Scopus, IEEE Xplore, and SSRN. The search strategy utilized multiple keyword combinations to ensure comprehensive coverage: "Explainable AI" OR "XAI" OR "Interpretable machine learning"; "Algorithmic accountability" OR "Algorithmic transparency"; "EU AI Act" OR "GDPR" OR "AI governance"; "Trust in AI" OR "Human-AI collaboration"; "Black box models" OR "Model interpretability"; and "Credit scoring" OR "Hiring algorithms" OR "Medical AI" (for high-stakes applications). 
Inclusion criteria focused the review on recent developments (2020-2025), high-stakes business applications, and regulatory compliance. Exclusion criteria eliminated purely technical papers without business relevance, papers focusing on narrow technical methods without broader implications, and papers predating 2020 (with exceptions for foundational works).

3.3    Analytical Approach
The analysis employed thematic coding to identify recurring themes and concepts across the selected literature. Key themes included: (1) technical dimensions of explainability, (2) trust formation and stakeholder perspectives, (3) regulatory compliance requirements, (4) high-stakes application domains, and (5) organizational implementation challenges. 
The synthesis process involved mapping technical capabilities to regulatory requirements and stakeholder needs, identifying gaps between current practice and regulatory expectations, and developing design principles that address these gaps.

4    Findings and Discussion
4.1    The Multidimensional Nature of Explainability
The research reveals that explainability is not a monolithic concept but rather a multidimensional construct that varies based on stakeholder needs, application context, and regulatory requirements. The literature identifies at least four distinct dimensions: technical explainability, user-centered explainability, regulatory explainability, and organizational accountability. 
Technical explainability refers to the ability to trace how a model arrived at a specific prediction. This dimension is primarily of concern to data scientists and machine learning engineers. LIME and SHAP excel at providing technical explainability by identifying which features contributed most to a prediction. 
User-centered explainability, by contrast, focuses on whether non-technical stakeholders can understand and trust AI decisions. This dimension requires explanations in natural language, contextualized to the user's needs and prior knowledge. A technically accurate explanation may be incomprehensible to a loan applicant or job candidate, undermining trust even if the explanation is technically sound. 
Regulatory explainability addresses the requirements of legal and compliance frameworks. Regulators need evidence that organizations have implemented appropriate governance structures, conducted impact assessments, and maintained documentation of the AI system's development and performance. This dimension often requires formal documentation and audit trails rather than interactive explanations. 
Organizational accountability encompasses the internal processes and governance structures that ensure AI systems are developed and deployed responsibly. This dimension includes human-in-the-loop oversight, regular bias audits, and clear assignment of responsibility for AI system outcomes.

4.2    Evaluating XAI Techniques in High-Stakes Contexts
The research examined how XAI techniques perform in three critical high-stakes domains: credit scoring, hiring, and medical diagnostics.
In credit scoring, SHAP and LIME have become industry standards for explaining lending decisions. Financial institutions use these techniques to identify which factors (income, credit history, employment stability, etc.) drove approval or denial decisions. This explainability serves multiple purposes: it helps customers understand why their application was denied, it provides regulators with evidence of fair lending practices, and it helps data scientists identify and correct bias in lending models. However, research has identified important limitations. Lending decisions often involve complex interactions between variables that simple feature importance rankings may not capture. Additionally, explaining why an application was denied does not necessarily help applicants understand what they could do to improve their creditworthiness in the future (Qawqzeh et al., 2025).
In hiring and recruitment, explainability is critical because AI hiring tools have historically perpetuated discrimination. Amazon's recruitment AI, for example, learned to discriminate against women applicants by mimicking historical hiring patterns. Explainability techniques help identify such bias by revealing which factors the model uses to make hiring recommendations. However, a fundamental challenge emerges: some factors that are technically important for prediction may be inappropriate for hiring decisions. For example, a model might identify that candidates from certain universities are more likely to succeed, but using this factor in hiring decisions could perpetuate educational inequality. Explainability reveals this bias, but addressing it requires organizational decisions about what factors should be considered legitimate for hiring (Wagan et al., 2026).
In medical diagnostics, explainability takes on heightened importance because AI recommendations directly affect patient health. Clinicians need to understand why an AI system recommends a particular diagnosis or treatment before they can responsibly act on that recommendation. However, current XAI techniques often provide explanations that are technically accurate but clinically unhelpful. A clinician needs to understand not just which features the model used, but whether those features align with established medical knowledge and whether the model's reasoning is sound from a clinical perspective (Ihejirika, 2025). Recent research has shown that clinicians are more likely to trust AI recommendations when explanations align with their existing medical knowledge, even if the AI's reasoning differs from the clinician's own reasoning process.

4.3    Navigating the Regulatory Landscape
Organizations currently face significant challenges in operationalizing the requirements of the EU AI Act and GDPR. A critical gap exists between what regulators require and what current technical solutions provide. Regulators mandate "meaningful explanations" and "transparency," but these terms are not precisely defined. What constitutes a "meaningful" explanation? How much transparency is required? How should organizations balance transparency with legitimate concerns about protecting proprietary algorithms or sensitive business information?
The research identifies several specific challenges: First, the right to explanation mandated by GDPR is often interpreted as requiring technical explanations (e.g., feature importance scores), but affected individuals may need contextual explanations that help them understand the decision's implications for them personally. A customer denied a loan needs to understand not just which factors mattered, but what they could do to improve their creditworthiness.
Second, regulatory requirements often assume a level of model interpretability that may be technically infeasible for high-performance models. The EU AI Act requires that high-risk AI systems be "transparent" and "explainable," but it does not specify what level of explainability is required or how to measure it. Organizations must make judgments about what constitutes adequate explainability without clear regulatory guidance.
Third, compliance documentation requirements are substantial. Organizations must maintain detailed records of the AI system's development, testing, performance evaluation, and deployment. This documentation burden falls primarily on smaller organizations that lack dedicated compliance infrastructure.

4.4    Proposed Framework: Designing Accountable AI Systems
Based on the synthesis of technical capabilities, regulatory requirements, and stakeholder needs, this research proposes a comprehensive framework for designing accountable AI systems. The framework consists of four integrated components that move from initial assessment through technical implementation to ongoing governance and compliance. Figure 1 illustrates the relationships between these components.
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Figure 1: The 4-Component Framework for Designing Accountable AI Systems
Source: Author
The framework consists of four integrated components:
Component 1: Contextual Assessment involves determining the risk level and required degree of explainability based on the specific business application. Organizations should assess: (1) the potential impact of AI decisions on affected individuals (e.g., does the decision affect access to credit, employment, or healthcare), (2) the regulatory requirements applicable to the specific application, (3) the stakeholder groups affected by the AI system and their explainability needs, and (4) the organization's risk tolerance and compliance capabilities.
Component 2: Technical Selection involves aligning the appropriate XAI technique (or inherently interpretable model) with the contextual needs identified in the assessment phase. For applications requiring high performance with moderate explainability needs, post-hoc explanation methods like SHAP may be appropriate. For applications where stakeholder trust is paramount, inherently interpretable models may be preferable despite lower predictive accuracy. For some applications, a hybrid approach combining a high-performance model with a separate interpretable model may be optimal.
Component 3: Organizational Governance involves implementing human-in-the-loop oversight, continuous audit processes, and stakeholder communication strategies. This component includes: (1) establishing an AI ethics board or governance committee with representation from technical, business, legal, and affected stakeholder groups, (2) implementing regular bias audits and fairness assessments, (3) creating feedback mechanisms for affected stakeholders to report concerns about AI decisions, and (4) developing clear policies about human oversight and override procedures.
Component 4: Regulatory Alignment ensures the system design maps directly to specific compliance mandates. Organizations should: (1) conduct an impact assessment of the AI system's potential effects on individuals and society, (2) maintain detailed documentation of the system's development, testing, and deployment, (3) implement monitoring systems to detect performance degradation or bias drift over time, and (4) establish procedures for responding to regulatory inquiries and complaints.

5    Conclusions
This research set out to address three primary research questions about explainability and accountability in AI systems. The findings provide substantive responses to each question.
Regarding RQ1, the research reveals that current XAI techniques, particularly LIME and SHAP, provide valuable but limited explanations. These techniques excel at identifying which features contributed to specific predictions, but they have important limitations. They assume feature independence, may be sensitive to hyperparameter choices, and provide local explanations that may not generalize to global model behavior. Importantly, technical explainability alone is insufficient; stakeholders also need user-centered explanations that contextualize technical information to their specific needs and prior knowledge.
Regarding RQ2, the research demonstrates that explainability is necessary but not sufficient for building stakeholder trust. Transparency increases understanding, which can enhance trust, but the relationship is mediated by perceived fairness, alignment with stakeholder values, and the presence of human oversight. Different stakeholder groups have different explainability needs: customers prioritize understanding how decisions affect them personally, employees focus on fairness and non-discrimination, and regulators emphasize compliance documentation and audit trails.
Regarding RQ3, the proposed four-component framework provides organizations with a structured approach to developing AI systems that balance performance, transparency, and regulatory compliance. The framework emphasizes that explainability is not merely a technical problem to be solved with better algorithms, but rather an organizational challenge requiring integrated technical, governance, and compliance approaches.

5.1    Theoretical Contributions
This research advances the theory of human-centered AI by contextualizing explainability within organizational decision-making processes. Rather than treating explainability as an abstract technical property, the research demonstrates that explainability must be understood in relation to specific stakeholders, applications, and regulatory contexts. This perspective aligns with recent developments in human-computer interaction and organizational behavior research that emphasize the importance of context in technology adoption and trust formation. The research also contributes to the emerging field of AI governance by providing a framework that integrates technical, organizational, and regulatory dimensions. Rather than treating these dimensions separately, the proposed framework demonstrates how they interact and reinforce each other.

5.2    Practical Implications
For business leaders and organizational decision-makers, this research provides a clear roadmap for navigating the complex landscape of AI explainability and regulatory compliance. The proposed framework offers a structured approach to assessing explainability requirements, selecting appropriate technical solutions, and implementing governance structures that ensure accountability.
For data scientists and machine learning engineers, the research highlights the importance of understanding not just technical explainability methods, but also the organizational and regulatory contexts in which those methods will be deployed. Technical excellence in model building is necessary but insufficient; practitioners must also consider stakeholder needs and regulatory requirements.
For compliance officers and legal professionals, the research provides clarity on the explainability and accountability requirements of emerging regulatory frameworks. The proposed framework helps organizations understand what documentation and governance structures are required to demonstrate compliance with the EU AI Act and GDPR.

5.3    Limitations and Future Research Directions
This research is based on a systematic literature review and therefore reflects the current state of published research. Empirical validation of the proposed framework through case studies of organizations implementing accountable AI systems would strengthen the findings. Additionally, the research focuses primarily on the EU regulatory context; comparative analysis of explainability requirements across different jurisdictions would provide valuable insights for multinational organizations.
Future research should investigate: (1) how to measure and validate the quality of explanations provided to different stakeholder groups, (2) the long-term effects of explainability on stakeholder trust and AI adoption, (3) the cost-benefit trade-offs of different explainability approaches in different business contexts, and (4) how organizations can effectively implement the proposed framework given resource constraints and competing priorities.
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