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Abstract 

As organizations increasingly deploy artificial intelligence and machine learning to unlock value, 

three trustworthy AI frameworks that define how organizations effectively build stakeholder trust are 

becoming critical: explainability, bias mitigation, and compliance. Global organizations are relying on 

AI technologies to support their most important business strategies, driving rapid value generation and 

competitive differentiation. At the same time, a growing priority for stakeholders is to establish trust in 

AI and ML technologies to reliably deliver on their promise. According to the World Economic Forum’s 

2023 Global Technology Governance Report, “Anxiety over AI’s impact on industries, society, and 

even government has jumped sharply among stakeholders polled this year, with workers, executives, 

and industry experts.” As a result, over 70% of respondents in the survey cited social media, generative 

AI, and AI-enhanced robotics as their biggest concerns. In addition to helping reduce legal exposures, 

compliance with new regulations such as the European Union’s AI Act will also help build stakeholder 

trust that organizations are deploying AI technologies in a responsible and ethical way. Creating the 

foundation for trustworthy AI, while prioritizing the technologies, talent, and processes necessary for 

trustworthy AI deployment, is the first critical strategic approach organizations should take 

immediately. Building stakeholder trust in AI will be essential for organizations to realize the full value 

of AI and drive business success in the future. 

Keywords: Business Operations, Explainability, Bias Mitigation, Artificial Intelligence, Decision 

Making 

 

1. Introduction 

In a world increasingly driven by digitalization and automation, organizations look to artificial 

intelligence (AI) as a force multiplier. The emergence of generative AI has reinvigorated the race to 

explore novel applications across the business landscape. Yet while the promise of AI remains high, 

many stakeholders regard the technology with skepticism: AI adoption rates have stalled in many 

organizations because operational and strategic leaders cannot be sure that AI will deliver the desired 

outcomes. Trustworthy AI provides a pathway to restoring stakeholder confidence and facilitating 

widespread adoption. 

Trustworthy AI encompasses the principles and technologies that enable stakeholders to have 

confidence in the behaviour of AI systems and the value they deliver to the organization. Distinct yet 

complementary frameworks for trustworthy AI have emerged in industry, government, and academia. 

The OECD defines trustworthy AI in terms of five principles—human-centricity, robustness, fairness, 
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transparency, and accountability—that span three core values: well-being, rights, and freedom (Liu, et 

al., 2021). The Information Commissioner’s Office identifies six characteristics of trustworthy AI: 

explainability, auditability, reliability, fairness, compliance, and security (Pery, Rafiei, Simon, & M. P. 

van der Aalst, 2021). Such frameworks serve as useful reference points in understanding and assessing 

organizational AI initiatives. 

To enhance transparency and fairness, organizations must consider explainability, bias mitigation, 

and compliance to support the responsible deployment of AI and the ongoing development of 

trustworthy practices. Stakeholders embrace explainability because it helps them understand, trust, and 

engage with AI models, enabling better decision-making and risk management. Organizations adopt 

bias mitigation strategies to identify, measure, and reduce algorithmic biases that could adversely affect 

fairness, discrimination, and trust. Compliance with external regulations or internal policies ensures 

adherence to legal, societal, and ethical norms, thus protecting organizational reputation and preventing 

reputational loss. Collectively, these dimensions offer a pathway for responsible AI practices aligned 

with organizational priorities (Belle & Papantonis, 2020). 

2. Foundations of Trustworthy AI in Business 

In late 2022, business professionals reported a widespread urgency to embrace AI technologies 

or risk irrelevance. Yet, the pace of adoption varied widely between and within organizations, with 

substantial challenges hindering progress across industries and functions. Concerns about 

trustworthiness loom large among decision-makers considering investments and deployments. Recent 

surveys of consumers and organizations revealed pervasive distrust of AI systems, fuelling interest in 

the concepts of trustworthy and responsible AI (Pery, Rafiei, Simon, & M. P. van der Aalst, 2021).  

Such approaches draw upon well-established principles from machine learning, algorithmic 

accountability, and interpretability, while adapting frameworks and specifications from established 

domains like data governance and cybersecurity. The field of Trustworthy AI encompasses efforts by 

diverse stakeholders to promote transparency, fairness, reliability, privacy, security, explainability, and 

accountability throughout the AI lifecycle. Practical challenges around implementing these principles 

spawn complementary initiatives focused on AI governance, risk management, and regulation.  

(Hosseini Tabaghdehi & Ayaz, 2025). 

The aim is to address technical, organizational, and societal challenges justifying caution in AI 

adoption, and to establish a shared lexicon for articulating foundational challenges and possibilities. 

Business AI constitutes a focal application of Trustworthy AI as organizations increasingly rely on 

generative algorithms, modeling approaches, and systems influenced by AI; it comprises AI-based tools 

and services generating, analyzing, organizing, recommending, and personalizing information 

independent of pre-determined objectives. Within such systems, explainability, bias mitigation, and 

compliance constitute the primary objectives of Trustworthy AI, enabling stakeholders—including 

developers, deployers, regulators, and end-users—to assess, interrogate, and understand proposals prior 

to incorporation into activities like decision-making or content-production. Addressing these focal 

issues in turn comprises the remainder of the foundational section. Generative AI has prompted 

renewed examination of foundational concepts, and a schematic separating core attributes, stakeholder 

priorities, and key definitions accordingly anchors the ensuing discussion (Díaz-Rodríguez, Del Ser, 

Coeckelbergh, López de Prado, Herrera-Viedma, & Herrera, 2023). 
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3. Explainability in AI Systems 

As complex AI models achieve human-level performance on many tasks, the decisions produced 

raise concerns about their reliability and safety. AI that operates without any explanations presents an 

opacity risk, leaving stakeholders unclear about why a system has made a certain recommendation or 

decision. In many applications, a lack of interpretability will raise doubt about the AI’s reliability, 

making it highly desirable to make the operation of AI systems for business understandable to users. 

Explanations are designed to fulfil this need for transparency, conveying to the user relevant 

information that clarifies the underlying process that a decision-making AI follows when making 

predictions. (Scorzato, 2024). 

Stakeholders have different interpretation needs depending on their role in using an AI system. 

For instance, a final decision-maker receiving an AI recommendation will welcome an explanation 

detailing the rationale behind the particular recommendation they have received and why other options 

were not preferred (Doshi-Velez, et al., 2017). In contrast, a model developer building an AI service 

will benefit more from an explanation that elaborates on the overall process the AI follows without 

focusing on any particular recommended outcome, seeking to understand how the model operates more 

generally in order to refine it. Thus, providing explanations requires tailoring them to the various target 

stakeholders and their context to deliver maximum understanding through the explanations provided. 

Explanations have limitations: providing explanations invariably increases the resources required 

to deliver outputs. Often AI models must be solved separately, and constructing an explanation after a 

model has been built carries this cost additionally. Furthermore, there exists a trade-off between 

performance attained with an AI solution and how readily explanations can be given on its operations: 

highly complex and intricate models capable of achieving the best performance for a task may resist 

straightforward explanation, and constructing simpler models leads to sacrificing performance instead. 

(Hassija, et al., 2024). 

3.1. Concepts and Definitions 

Explainability describes the degree to which the internal mechanism of an AI solution can be 

presented to humans. Interpretability is closely related: it refers to the degree to which an individual 

can understand the cause of a decision made by an AI system (Díaz-Rodríguez, Del Ser, Coeckelbergh, 

López de Prado, Herrera-Viedma, & Herrera, 2023). Systems where explanations are inherently 

understandable offer intrinsic explainability or interpretability, whereas those requiring additional tools 

and resources provide post-hoc or surrogate explainability (Pery, Rafiei, Simon, & M. P. van der Aalst, 

2021). The need for explanations may vary based on job role, the decision itself, or the sensitivity of 

the affected individuals. Mapping the type of explanation to the stakeholder, decision context, and 

attributes informs the design process for addressing explainability in a given scenario (Christopher 

Chung, Chung, Lee, Chung, & Dyer, 2024). 

3.2. Methods for Explainability 

A variety of approaches are available for generating explanations of automated decisions, from 

simple statistical summaries to heuristic models. They can be classified as either model-agnostic 

techniques, which can be applied to any AI system, or model-specific techniques, which exploit 

intrinsic properties of a particular class of models. 

A taxonomy of explanation methods is adapted from the machine learning context (Belle & 

Papantonis, 2020). These methods vary in their inputs (internal system variables versus external data 
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records), outputs (qualitative versus quantitative, global versus local), and the mechanisms they employ 

(perturbation of input data, approximation of a target model, or construction of a complete proposed 

model to be examined). Complementary criteria for assessing choice of explanation method include: 

meaningfulness, measure of interest formulated, performance on large classes of input, guarantees on 

stable behavior across inputs, and suitability for real-time applications. 

Insights about the explanation process also inform selection of an appropriate explanation method 

(Papenmeier, Englebienne, & Seifert, 2019). A distinction is drawn between the concepts of 

accountability and explainability. The former focuses on the extent to which a predictable causal 

relationship can be established between a particular input and corresponding output. The latter appears 

to depend on the manner in which the explanation is represented. 

3.3. Implications for Decision Making 

Decision-making is a regular feature of organization work. The implementation of artificial 

intelligence (AI) systems to aid these process has been greatly popularized through tools such as 

decision-support systems, intelligent called agents, and expert systems. Modifiable business processes 

are frequently recorded by the organization as a Business Process Model (BPM) for subsequent 

analysis, and business decisions constitute a sub-process of a BPM (Jansen Ferreira & de Souza 

Monteiro, 2020). To ensure proper functioning of the AI systems and decision-making process, the 

explainability of decisions must be incorporated for the decision maker to be able to conduct probing 

questions concerning decisions made. 

Decision-making has been defined as the selection between alternatives and is performed based 

on uncertain information. The more uncertainty in the data, the more important the interpretations of 

the data becomes, since the decision-maker wants to mitigate the risk taken in the decisions made. 

Decision explanations originated within the medical field where a physician could seek an explanation 

for differential diagnosis, which would promote a better understanding of the problem being faced and 

assist in making the right decisions. (Xiao, Wen, & Pedrycz, 2022). 

4. Bias Mitigation in Corporate AI 

Several sources of bias can be distinguished within data and algorithmic models. Data-driven bias 

may be introduced by unsuitable sampling (sampling bias), attributes incorrectly measured 

(measurement bias), and imbalances in representation across groups (representation bias). In addition, 

historical bias can arise when decisions made in the past reflect prejudices still present in society 

(historical bias). All these forms of bias risk producing wrongful decisions, engendering mistrust and 

engendering regulatory scrutiny (Dodwell, Flynn, Krishnamurthy, Majumdar, & Mitra, 2020). 

Methods for bias detection are based on audits, metrics, and stress tests. Bias audits rely on 

qualitative inspections of the business context, technical processes, data properties, and model 

performance, to identify the bias sources most relevant to a given corporate application. Fairness 

metrics provide quantitative estimations of bias by looking for discrepancies in model performance 

between groups. Stress tests use adversarial inputs to evaluate the robustness of models to perturbations 

that may reveal latent biases. Once biased outcomes have been detected, data repair (removal or 

modification of biased samples), modelling choices (fair representations), and post-processing 

(recalibration) emerge as reduction strategies (Risser, Picard, Hervier, & Loubes, 2022). Each technique 
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involves algorithmic, ethical, and economic trade-offs, and hence establishes a different balance 

between compliance to biases and preservation of model quality. 

Governance must steer and support bias monitoring and mitigation, ensuring auditability and 

articulation of organizational risk appetite. Mechanisms include infrastructure for bias detection, 

escalation channels, oversight, standard procedures, and specialized roles for machine learning. 

Ongoing surveys, documentation, and independent reviews contribute to the trustworthiness of the 

execution (Ratz, Hu, & Charpentier, 2023).. 

4.1. Sources of Bias in Data and Models 

Bias can enter AI systems through the data used or the models created from them. Historical, 

representation, measurement, and sampling biases are the principal types present in training datasets, 

while model bias occurs when the level of performance of a model varies across different segments of 

the population under consideration. Critical model decisions, such as choice of features, impact bias in 

drawn conclusions (Dodwell, Flynn, Krishnamurthy, Majumdar, & Mitra, 2020). Such undesirable 

effects can have far-reaching consequences: the allocation of resources or appointments based on 

models with inaccuracies has sometimes led to serious legal repercussions, eroded customer trust, and 

even financial penalties (Srivastava & Rossi, 2018). AI-support fraud detection systems, for example, 

may block the accounts of certain users, while hiring processes based on predictive models may 

disproportionately favour candidates reflecting the demographic distribution already observed in 

previous hires. Such outcomes may perpetuate or exacerbate societal prejudices, generate adverse 

impacts on segments of the population already facing discrimination, and compromise fairness 

principles. The scope of bias evaluation extends beyond the technology employed to the society served: 

models may solely accommodate privileged segments of society, ignore relevant groups, or address 

issues already resolved within a specific jurisdiction (Pombal, F. Cruz, Bravo, Saleiro, A. T. Figueiredo, 

& Bizarro, 2022). 

4.2. Techniques for Detecting and Reducing Bias 

The possible sources of bias in AI-based systems span two axes: data and model. Within the data 

axis, bias can stem from the sampling, measurement, representation, or historical usage of the data. 

Historical bias, resulting from societal inequities, is particularly difficult to detect. Within the model 

axis, bias may arise from choices related to the modeling approach, algorithm selection, and 

implementation practices. Even the recommendation of an AI product to a user may be biased 

(Srivastava & Rossi, 2018). These forms of information asymmetry can undermine trust and result in 

changes to the predicted outcome. For example, bias in recidivism prediction systems that 

disproportionately penalize citizens from certain demographic groups can generate public outcry. 

Bias can be detected through three basic types of analysis: bias audits, fairness metrics, and stress 

tests. Bias audits systematically examine all relevant aspects of a model’s operation to identify 

inequities and their causes. Fairness metrics implement a quantitative analysis of the model’s inputs, 

features, or predictions. Stress tests evaluate how the inclusion or alteration of specific attributes within 

the data set impacts the model’s outputs (Palma Pagano, et al., 2022). Once detected, bias can be 

reduced through five complementary approaches: data repair, modeling choices, post-processing of 

outcomes, requirements specification, or forward-looking guarantees (Dodwell, Flynn, Krishnamurthy, 

Majumdar, & Mitra, 2020). Evaluating the trade-offs among these remedies in terms of their impact on 

performance, flexibility, and complexity is critical. 
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4.3. Governance and Auditability 

The introduction of AI systems creates accountability and audit challenges. Governance 

structures define actors and roles for ethical principles and compliance with regulations. Traceability 

of data, algorithms, decisions, and outcomes is essential. Auditability encompasses monitoring, 

documentation, internal review, and independent oversight. Continuous monitoring detects unintended 

model behaviors. Documentation supports compliance with regulations like the GDPR’s right of 

explanation. Independent review helps identify bias, discrimination, and other ethical concerns. (Niu, 

2025). 

Governance structures assign responsibility, authority, and risk ownership for compliance, 

traceability, and auditability throughout the AI lifecycle. Multiple actors oversee processes like project 

approval, model validation, and re-evaluation of continuous decision-making systems. Single-point-of-

contact governance appoints a chief accountable officer to report to corporate governance. Such 

reporting ensures actions are taken on control processes for authoritative decisions rather than simple 

recommendations (Percy, Dragicevic, Sarkar, & S. d'Avila Garcez, 2021). 

Table No.1 shows Sources of Bias, Detection Methods, Mitigation Strategies, and Governance 

Mechanisms in AI Systems 

Category Type / Method Description 
Potential Impact / 

Purpose 

Examples / 

Techniques 

Sources of 

Bias 
 

Sampling Bias 

Bias introduced 

through unsuitable 

or unrepresentative 

sampling methods. 

Produces 

inaccurate or 

unfair model 

outcomes. 

Non-

representative 

datasets 

Measurement 

Bias 

Occurs when 

attributes or 

variables are 

incorrectly 

measured or 

recorded. 

Distorts model 

predictions and 

reliability. 

Incorrect data 

labeling or 

inaccurate 

measurements 

Representation 

Bias 

Arises from 

imbalances in 

representation 

across groups. 

Certain groups 

may be 

overrepresented or 

underrepresented. 

Unequal 

demographic 

distribution 

Historical Bias 

Results from 

historical decisions 

or societal 

prejudices 

embedded in data. 

Reinforces existing 

inequalities and 

discrimination. 

Historical 

discriminatory 

hiring data 

 Bias Audits 

Qualitative 

inspections of 

business context, 

technical 

processes, data 

properties, and 

Identifies bias 

sources relevant to 

organizational 

applications. 

Organizational 

reviews and 

audits 
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Category Type / Method Description 
Potential Impact / 

Purpose 

Examples / 

Techniques 

model 

performance. 

Bias 

Detection 

Methods 
 

Fairness Metrics 

Quantitative 

measures assessing 

discrepancies in 

model 

performance 

between groups. 

Evaluates fairness 

and equity of AI 

systems. 

Accuracy 

comparison 

across 

demographic 

groups 

Stress Tests 

Adversarial testing 

using perturbations 

or challenging 

inputs. 

Assesses 

robustness and 

reveals hidden 

biases. 

Adversarial 

inputs and 

simulation tests 

Data Repair 

Removal or 

modification of 

biased samples 

within datasets. 

Reduces 

discriminatory 

patterns in training 

data. 

Rebalancing 

datasets 

Fair 

Representations 

Modelling 

approaches 

designed to reduce 

bias during model 

development. 

Improves fairness 

in algorithmic 

decision-making. 

Fairness-aware 

machine 

learning models 

Post-Processing / 

Recalibration 

Adjusting outputs 

after model 

training to reduce 

unfair outcomes. 

Enhances fairness 

while preserving 

model 

functionality. 

Output 

recalibration 

techniques 

Governance 

Mechanisms 
 

Bias Monitoring 

Infrastructure 

Systems and tools 

for continuous bias 

detection and 

monitoring. 

Supports ongoing 

governance and 

accountability. 

Monitoring 

dashboards 

Escalation 

Channels & 

Oversight 

Procedures for 

reporting and 

addressing bias-

related risks. 

Ensures 

accountability and 

risk management. 

Governance 

committees 

Standard 

Procedures & 

Specialized 

Roles 

Defined 

organizational 

policies and expert 

ML oversight 

roles. 

Improves 

trustworthiness and 

compliance. 

AI ethics 

officers and ML 

specialists 

Surveys, 

Documentation 

& Independent 

Reviews 

Continuous 

evaluation and 

external 

assessments. 

Enhances 

transparency and 

trust in AI systems. 

Compliance 

reviews and 

documentation 

audits 
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5. Compliance, Ethics, and Legal Considerations 

The growing impact of Artificial Intelligence (AI) across business applications has prompted 

increasing regulatory scrutiny. Governments and industry associations are concerned with the 

associated risks and have established guidelines highlighting the need for transparency, data protection, 

legal liability, conformity assessment, and risk management. National authorities also seek to clarify 

responsibilities for algorithmic decisions, classify AI systems according to risk, and enforce compliance 

(Díaz-Rodríguez, Del Ser, Coeckelbergh, López de Prado, Herrera-Viedma, & Herrera, 2023). The 

European Union is considering the AI Act, the United States proposes AI regulations aimed at safety 

and protection, and various organizations have published AI governance principles. 

Regulatory requirements can be anticipated in several domains, including data protection, non-

discrimination, and cross-border issues. Large Language Models (LLMs) trained on vast datasets raise 

sector-specific concerns and pose additional cross-border challenges for business applications. The 

risks associated with AI business use-cases vary, and a clear framework for risk assessment has yet to 

emerge. Therefore, organizations should examine their AI business initiatives and related risks in order 

to develop a suitable AI design and deployment approach. Private sector frameworks classify business 

AI according to risk and map control activities, while the OECD recommends government oversight to 

anticipate new compliance requirements (Pery, Rafiei, Simon, & M. P. van der Aalst, 2021). 

5.1. Regulatory Landscape 

The relevant regulatory landscape concerning artificial intelligence is incredibly complex and 

fragmented, encompassing a wide range of data protection legislation, specific rules relevant to various 

sectors, and intricate cross-border considerations that significantly impact the design, implementation, 

and deployment of AI systems in business operations. The EU General Data Protection Regulation 

(GDPR) and the proposed EU Artificial Intelligence Act (AI Act) play a crucial role in regulating the 

collection, processing, and use of data as well as the application of AI to inform and guide 

administrative decisions made within organizations.  (Butt, 2024). 

The GDPR establishes essential fundamental rights and guiding principles that are applicable to 

all member states of the European Union, thereby reinforcing and enhancing the principle of data 

protection by design and by default in all business activities. Through the EU AI Act, the European 

Union seeks to ensure a very high level of protection for fundamental rights, as well as the safety of 

individuals and society at large, while simultaneously fostering an environment conducive to 

technological development, innovation, and responsible AI utilization. AI systems are meticulously 

classified into four distinct risk categories (unacceptable, high, limited, and minimal risk), which 

determine the specific obligations and compliance requirements that organizations must meet to ensure 

lawful operations and protect individual rights. (Christopher Chung, Chung, Lee, Chung, & Dyer, 

2024).  

5.2. Risk Management Frameworks 

The European Commission has proposed comprehensive regulations for AI systems as part of its 

Digital Strategy and the European Digital Decade (M. Barrett, Hendrycks, Newman, & Nonnecke, 

2022). These regulations classify AI systems according to their risk levels—unacceptable, high, limited, 

or minimal—and impose corresponding requirements (Gill, Mathur, & V. Conde, 2022). Risk-

management frameworks aligned with these classifications help organizations plan and tailor their AI 



World Research of Business Administration Journal 

Vol. 6, No.1,   2026 
 

 (75) Print ISSN 2771-1161 

Online ISSN 2771-1153 
     

 

governance following the AI lifecycle: (1) ad hoc risk assessment, (2) establishment of control activities 

to mitigate high-impact risks, and (3) implementation of incident-response mechanisms to address 

adverse consequences arising during operations. 

 Ad hoc risk assessment precedes AI deployment, identifying and prioritizing potential risks 

associated with the intended use of the system. Candidates include the consequentiality of 

erroneous predictions for stakeholders, the suitability of the data collection process, and the degree 

of ethical concerns involved. The output serves as a reference that organizations can revisit at any 

lifecycle stage. 

 Control activities encompass controls planned or implemented to mitigate risks. By adjusting the 

level of control in specific categories (e.g., data and model governance or decision-making 

procedures), organizations can determine beforehand whether the existing measures suffice to 

satisfy the predicted impact of an operation. 

 Incident-response mechanisms specify the protocols governing the handling of negative incidents. 

Dependencies (internal processes or external parties) involved in reporting, tracking, or 

remediating the situation, as well as the channels through which information circulates, should be 

carefully documented. At later stages in the lifecycle, attention may shift to tracking the ongoing 

phenomenon of drift, which denotes the gradual deterioration of system performance over time. 

Business AI often involves various stakeholders with diverging goals, power dynamics, and 

ethical considerations. Accordingly, organizations should establish internal policies clarifying the 

distribution of responsibilities, including processes permitting the transfer of this authority among 

distinctly separate parties. (Hussain, Abbass, Usman, Rehan, & Asif, 2022). 

5.3. Ethics Boards and Accountability 

Over recent years, the development and use of AI systems has increased considerably, yet 

dedicated legislation remains scarce. Consequently, the concept of accountability takes on heightened 

importance, encompassing both technical performance measures and ethical considerations (Doshi-

Velez, et al., 2017). Decisions made by AI systems—predictions, recommendations, selections, or 

automated actions—can have significant influence across diverse application areas on the lives, 

interests, opportunities, and even health and safety of individuals and organisations (Percy, Dragicevic, 

Sarkar, & S. d'Avila Garcez, 2021). Therefore, appropriate governance mechanisms need to be 

established to oversee the design, implementation, operation and monitoring of relevant AI solutions. 

Complementing such safeguards, dedicated architecture and controls can underpin robust 

documentation of policies, guidelines and processes, together with systematic auditing and continuous 

improvement of all AI business activities. Such measures maximise the benefits and minimise the risks 

associated with ongoing reliance on AI technologies. 

In an AI governance context, accountability refers to the assignment of decision rights, together 

with associated responsibilities, to individuals and groups involved in the relevant AI activities and 

operations. A failure to clearly identify the accountable parties risks decentralising responsibility to a 

point where nobody can be held to account, creating potential loopholes and undermining overall 

trustworthiness. Such considerations dovetail with the ethical principles of fairness, transparency and 

reproducibility (B. de Laat, 2021).  

AI technologies can be deployed throughout the design, development, and operation of business 

systems in a manner that remains legally compliant, increases business value, and delivers positive 
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societal impact. Ethics boards and AI governance committees facilitate systematic oversight to 

reinforce compliance and conduct independent reviews while establishing dedicated mechanisms 

through which stakeholders can alert decision-makers to instances of perceived misconduct. 

6. Operationalization of Trustworthy AI 

The collaborative interplay among explainability, bias mitigation, and compliance underpins the 

operationalization of AI systems in organizations. Explainability seeks to illuminate AI decision-

making processes and potential biases, thereby fostering a deeper understanding of the rationale that 

drives predictions. Stakeholders across the organization, such as users, auditors, and business decision-

makers, all possess specific interests in these processes and seek to understand the implications for their 

own decisions. The need for explainability varies by AI capability and by decision context, from the 

need for insight early in design to monitoring of the deployed model’s operation. Bias occurs when 

sensitive attributes such as age or gender influence AI decisions, undermining user trust.  (Romeo & 

Conti, 2026). 

Mitigation activities at different phases of the AI lifecycle—before, during, and after model 

training—seek to identify, measure, and reduce undesirable bias in the system, which in turn influences 

the selection of explainability techniques. Compliance enables organizations to meet the external 

obligations imposed by regulations on data use and its application to AI systems. Enterprises operating 
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in multiple geographies must remain vigilant of varying regulations across different legal jurisdictions 

to avoid incurring potentially large fines. The requirements imposed by regulators shape the design, 

build, and operation of AI systems, including the selection of appropriate explainability and bias 

mitigation approaches. (Pagano, et al., 2023) 

Governance frameworks enable organizations to structure and monitor the operationalization of 

explainability, bias mitigation, and compliance. The appropriate level of governance architecture aligns 

with the organization’s overall data strategy and the interplay among federated and centralized 

approaches. Data governance principles such as ownership, lineage, quality, and access controls 

determine the way governance applies to data-centric activities, including alignment with compliance 

obligations. Operating controls for governance of AI systems span the model lifecycle from training 

through validation and deployment; specification of well-defined stages boosts the clarity of 

requirements for oversight. Controls addressing monitoring, evaluation, abnormal behavior detection, 

and incident response further reinforce the operationalization of explainability, bias mitigation, and 

compliance by making AI models more accountable and sustainable. Monitoring generates valuable 

insights, and reporting structured around specified key performance indicators (KPIs) translates these 

insights into guidance for mitigation of potential risks or operational improvements. (Goncalves & 

Correia, 2025). 

6.1. Governance Structures 

Trustworthy AI governance comprises an organizational architecture that establishes oversight, 

roles, and policies for AI development and deployment. Governance is typically delegated to a chief 

data officer, chief technology officer, or equivalent executive role, with other functions overseeing 

compliance, risk management, and ethics (Choung, David, & S. Seberger, 2023). Governance structures 

should enable a fit-for-purpose approach that balances AI-related opportunities, risks, and compliance 

according to operational objectives and strategy. 

Governance arrangements can be centralized, federated, or hybrid. Centralized governance 

concentrates responsibility for AI oversight, policy articulation, and resource allocation within a single 

organizational unit, enabling streamlined decision-making. Federated governance distributes 

responsibility across multiple business units to promote domain-specific policy adaptation while 

ensuring alignment with enterprise-level strategy. Hybrid governance combines these approaches, 

empowering business units with decision-making autonomy while establishing a group-wide governing 

body to provide oversight and facilitate enterprise-level alignment. (Keast & Meek, 2025). 

Data governance principles convey broad expectations for AI-related data management and 

remain relevant post-GDPR. The accompanying compliance obligations can be deeply integrated with 

data governance principles, enabling coordinated compliance across multiple regulatory regimes. Key 

principles encompass data ownership, data lineage, data quality, and data access controls. Ownership 

specifies who is responsible for data asset quality, management, and security. Lineage describes the 

origin and transformation of data and the business processes and models with which it is associated, 

aiding comprehension and trust. Quality evaluates the accuracy, completeness, consistency, and 

timeliness of datasets. Access controls specify how data can be accessed, including entitlements, terms, 

handle restrictions, and usage rights. (Ghosh & Raj, 2026). 

The AI model lifecycle consists of stages through which models pass during development and 

production: training, validation, deployment, and update. Proper controls supported by practices and 
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tools that ensure the ability to reproduce models at different lifecycle stages contribute to robust 

governance. These controls also encompass the documentation required to evidence model governance. 

(De Silva & Alahakoon, 2022). 

Post-deployment monitoring of AI systems involves the evaluation of system performance, the 

detection of abnormal behavior, and the establishment of incident-response workflows that cover 

monitoring, reporting, and remediation. Performance metrics, description of behavior, reporting 

mechanisms, reporting templates, and remediation procedures should all be specified, corresponding 

to the analytical phase and operational context of the system. 

6.2. Data Governance and Quality 

Many regulators have attempted to set additional rules that support the principles of trustworthy 

AI or other relevant principles. The EU draft AI Act is one significant response, but it is limited in scope 

and was under revision as of 2023. It defines risk levels for AI applications that implicitly affect data 

governance: a framework applies to "high-risk" applications in critical infrastructures, education, 

employment, biometric identification, and law enforcement. Technology specificities concerning AI-

requested data and AI-registered data are also mentioned that induce further reflection upon data 

segregation and liability when co-deployed with other algorithms. Updated-and-future expected 

restrictions on cross-domain application of AI of AI-built data also require re-examination of data reuse 

avoiding contamination of the original intention (Pery, Rafiei, Simon, & M. P. van der Aalst, 2021). 

 The main points highlighted by worldwide regulations are the need of having well-established 

data governance capabilities—the last station of retrieval before the AI control—and the need of 

organization data regulated across AI-controlled stages. Thus, perspectives on governance and 

regulation on data for AI usage are promptly revisited to reach higher TRL indexes. 

Data governance appears then as the adequate starting point for any further reflection on 

Trustworthy AI for either deployment or operation. The topic has been present for long in the agenda 

because of the sheer business value encompassed in data exploitation. An additional assessment 

dimension is the accessibility of data on all or specific data of the organization under restrictions 

involved in Trustworthy AI.  (Rajgopal & Yadav, 2025). 

As seen with the AI Act and other regulations mention earlier, when applying for data registration 

within certain organization technology under other packages solicited or being operated assessment on 

data usage also becomes part of the questionnaire for justifying organization data clearance. Hence, a 

checklist on the data governance dimensions that Parties comprehend within their Business 

Applications of Trustworthy AI is proposed elicited from regulation but also state-of-the-art knowledge 

acquired along the operationalization of the domain (Christopher Chung, Chung, Lee, Chung, & Dyer, 

2024). 

6.3. Model Lifecycle Management 

Model Lifecycle Management refers to planned actions during the management of machine 

learning models used in business processes. Business processes are usually automated using computer 

systems through models that determine how data inputs are transformed into outputs like 

recommendations or classifications. A model encompasses the data used in training, decisions regarding 

the algorithm chosen, its eventual configuration (such as hyper-parameters), and additional information 

required by the automated execution environment. These must all be controlled after initial deployment 
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and subject to repeatability checks when changes are introduced. Such controls improve confidence in 

the outputs, help assess trustworthiness factors such as bias or compliance, and enable investigation of 

any deterioration in decision quality, scope of relevant data, or required updates (Dodwell, Flynn, 

Krishnamurthy, Majumdar, & Mitra, 2020). 

The computation performed by a model expresses how business activities will be run, and 

extensive coverage of this subject can be found in textbooks and papers related to model-driven 

engineering. Model Lifecycle Management is therefore best presented as a discrete activity within a 

more broadly distributed governance of models, one which combines both assurance of quality via 

explainability and mitigation of bias (Marques-Silva, 2023). 

6.4. Monitoring, Evaluation, and Incident Response 

The AI model should continually assess its performance, detecting abnormal behavior and 

compliance violations. An effective governance framework establishes ongoing monitoring protocols 

and metrics associated with the organization’s risk profile (Pery, Rafiei, Simon, & M. P. van der Aalst, 

2021). Abnormal behavior can include a variety of issues such as model drift, a significant increase in 

rejected requests, or the introduction of non-compliance. The organization communicates the 

expectations concerning such events at the deployment phase. The detection occurs through an 

automated pipeline, and in some cases, specific stakeholders receive alerts based on the anomaly’s 

severity. After an abnormal behavior event is detected, a defined workflow dictates how the AI model 

or service either remediates the issue, halts, or rolls back to a safer version. Any abnormal occurrences 

are collected in a log for traceability. 

The governance framework encompasses the definition of monitoring goals, metrics to report or 

act on such goals, and remediation actions depending on the detection of issues. An evaluation phase 

occurs at intervals with periodicity defined by the organization. During this phase, a selection of the AI 

systems undergoes rigorous monitoring, and the active pipeline is deferred. The organization stipulates 

the specific procedures and metrics relevant for this assessment. (Atoum, 2025). 

7. Challenges and Trade-offs 

Algorithmic bias emerges when decisions or predictions produced by an AI solution are 

systematically unfair. Such systemic inequality can arise from imbalances during data collection, 

inaccurate measures, historical disparity, or missed feature representation (Díaz-Rodríguez, Del Ser, 

Coeckelbergh, López de Prado, Herrera-Viedma, & Herrera, 2023). Bias manifests in multiple ways 

that distorts AI and plays a crucial role in losing trust. The lack of trust in AI may hinder organizations 

to adopt it at scale, thus getting left behind the competition. Methods for bias detection and mitigation 

have gained large interest, although need to be implemented with a trade-off of acceptable preservation 

of utility and performance. 

Data and model-driven origins of bias in business AI include sampling, measurement, 

representation, and historical bias that may directly affect the AI model. Effective risk mitigation 

approaches such as model testing and evaluating fairness indicators, conducting a fair audit, or 

performing machine learning stress-test can help determine the presence of bias. After detection, 

multiple techniques exist for bias reduction and optimization of industrial AI solutions without 

sacrificing performance. To monitor bias or attribute it to individual sources during the AI development 

phase, entities implement auditing and reporting during training as a governance principle (Tanzib 

Hosain, Hasan Anik, Rafi, Tabassum, Insia, & Mehrab Siddiky, 2023). 
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8. Conclusion 

Despite the unquestionable and undeniably significant value of artificial intelligence (AI) in 

contemporary organizations—evidenced by the increasingly pervasive integration of AI systems across 

a wide array of sectors within the economy, notably healthcare, finance, and manufacturing—the 

sociotechnical challenges posed by business AI remain both daunting and multifaceted. Among these 

pressing challenges, organizations are grappling with a significant and troubling trust deficit regarding 

their deployment and utilization of AI systems. A considerable body of repeated surveys and studies 

consistently underscores the widespread and pervasive distrust that exists towards AI systems among 

various stakeholders, including employees, customers, and regulators alike. This is particularly evident, 

with an alarming 81 percent of respondents conveying deep concern about the potential loss of control 

over critical decision-making processes once AI technologies are implemented within their operations. 

Moreover, over 70 percent of individuals surveyed express anxiety regarding the potential exacerbation, 

propagation, and proliferation of false or misleading information that could arise from biased AI 

outputs, influencing decisions in ways that may be profoundly detrimental to both individuals and 

organizations. In the absence of a solid foundational trust in AI, organizations are at risk of significantly 

stalling their own critical transitions towards intelligent process automation, thereby jeopardizing 

substantial opportunities for enhanced performance, improved operational efficiency, and overall 

organizational resiliency. Addressing this multifaceted challenge demands a pragmatic and strategic 

approach to enhancing the trustworthiness of business AI systems. This, in turn, will enable the broader 

acceptance and adoption of intelligent process automation within organizations. A crucial part of this 

approach centers around addressing stakeholder interests through three essential dimensions: the 

explainability of AI decisions, bias mitigation strategies, and rigorous compliance with ethical 

standards. Collectively, these three dimensions not only serve to clarify the operational functioning of 

AI but also significantly elevate the perceived trustworthiness and overall reliability of business AI 

systems. This enhancement of trust will foster an environment in which various stakeholders—

including consumers and business partners—can confidently engage with and trust the technologies 

that are actively reshaping the landscape of modern business practices. Ultimately, this leads to 

improved collaboration and innovation, paving the way for a more prosperous AI-driven future for all 

involved. 
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