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Abstract. As artificial intelligence (AI) systems become deeply embedded in or-

ganizational IT infrastructures, the need for structured mechanisms to ensure eth-

ical compliance has become urgent. Existing governance frameworks such as 

COBIT and ISO 19011:2018 provide foundation but lack procedures for contin-

uously auditing AI Systems throughout their development. Through a systematic 

literature review across three major databases, this paper synthesizes existing 

guidance to address this gap proposing the SCARPI process model comprising 

Define Scope, Collect and Assess, Reflect and Plan, and Implement. Grounded 

in established IT governance and audit structures, SCARPI enables organizations 

to systematically identify and mitigate bias and fairness issues in AI systems 

through an iterative, stakeholder-informed approach. By integrating continuous 

auditing with transparency artifacts such as a Public Transparency Statement, 

SCARPI offers a concrete, governance-aligned path toward responsible and trust-

worthy AI deployment. This work represents a first step toward bridging the gap 

between AI accountability mechanisms and existing IT governance structures. 
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1 Introduction 

Despite decades of artificial intelligence (AI) research, the widespread deployment of 

AI systems in real-world organizational contexts has introduced challenges that exist-

ing governance structures are ill-equipped to handle. As organizations increasingly 

adopt AI to drive growth and innovation, the risk of deploying unfair, biased, or non-

compliant systems has grown in parallel [38]. This makes accountability and ethical 

oversight not merely desirable, but essential. In this context, audits play a crucial role 

in assessing AI systems in terms of their fairness and compliance with the law [25]. 

Implementing AI audits therefore not only contributes to ethical compliance; organiza-

tions can also benefit significantly in several other ways. By improving performance, 

gaining customer insights, and mitigating risks, organizations can harness the full po-

tential of AI while safeguarding their interests and maintaining public trust [28].  

The recent adoption of the EU AI Act underscores the growing demand for regula-

tion and ethical standards in AI [8]. While AI technologies have existed for decades, 

the rise of generative AI has dramatically accelerated both adoption rates and public 
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awareness of the technology's potential. This rapid diffusion further intensifies the need 

for robust regulatory and ethical frameworks [36]. 

Regardless of the pace of adoption, ensuring trustworthy and responsible use of AI 

is critical to minimizing the risk of harm [42]. The current lack of process guidelines 

and best practices increases the risk of developing and deploying unfair and biased AI 

systems, since potential hazards can hardly be identified before deployment [11]. AI 

audits are well-suited instruments to address these issues, as one of their main objec-

tives is to promote transparency, traceability, and accountability [29, 42]. However, 

existing AI auditing frameworks remain scarce. Much of the prior work has focused 

either on audit and governance structures within information systems without a clear 

focus on AI [23, 24], or on high-level AI principles [14, 18, 32] and technical solutions 

such as fairness metrics [11, 20].  

A critical gap emerges from this review: most existing frameworks fail to address 

the integration of current IT governance and audit structures into the AI auditing pro-

cess [38, 39, 49]. This is a significant shortcoming, as researchers argue that drawing 

on established governance solutions is fundamental when constructing audit structures 

for AI systems [49]. Given the complex and far-reaching implications of AI [38], any 

viable AI audit framework must address integration with existing governance structures 

while also considering multiple stakeholder groups to assess bias and fairness [3, 30]. 

Such an approach enables organizations to maintain public trust while promoting trans-

parency and traceability throughout their product development lifecycles [19, 42]. Cur-

rent governance models, however, do not support the continuous integration of audit 

systems into AI development; a gap that remains unaddressed in literature. This moti-

vates the following research question:  

How can IT systems utilizing AI continuously be audited regarding ethical considera-

tions? 

To answer this question, we construct a structured process model that bridges the 

missing alignment between existing IT governance structures and the specific demands 

of AI auditing. The process model form was chosen deliberately: unlike a set of static 

principles or a high-level framework, a process model provides actionable, step-by-step 

guidance that can be integrated into existing organizational workflows. The model is 

grounded in established frameworks and a systematic literature analysis following vom 

Brocke et al. [44]. 

2 Theoretical Foundation 

A defining characteristic of AI systems, and the primary source of their audit complex-

ity, is their degree of autonomy and self-learning agency. Unlike conventional IT sys-

tems, which execute predefined instructions without adaptation, AI systems analyse 

their environment and take actions autonomously to achieve specific goals [18]. This 

distinction is critical: it is precisely this autonomy that introduces the risk of undesira-

ble, unpredictable, and potentially harmful outcomes that static IT governance struc-

tures are not designed to handle [18, 34]. While AI is applied across a wide range of 

industries, including pharmaceuticals, finance, and aerospace, no single universal 
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definition encompasses the full breadth of its applications [38]. For the purposes of this 

paper, we follow the European Commission's definition, which describes AI systems 

that display intelligent behaviour by analysing their environment and taking actions 

with some degree of autonomy to achieve specific goals [18].  

In response to the risks associated with this autonomy, a set of AI principles has 

emerged from ethical AI discourse. These become apparent as best practices and rules 

intended to guide the responsible and trustworthy development and deployment of AI 

systems [12]. Regulatory bodies and leading organizations have each formulated their 

own versions of these principles as guidelines [14, 43, 48]. The ongoing legislative 

discussions around the EU AI Act make clear that principles alone are insufficient to 

guarantee accountability and ensure trust in AI systems [8]. A more comprehensive and 

enforceable approach is therefore needed.  

Novelli et al. [33] provides a useful framework for understanding what full account-

ability in AI requires, identifying four interconnected mechanisms. First, achieving 

compliance requires that specific standards for design, development, and deployment 

are met [24]. Second, reporting demands that practices are in place to ensure explaina-

bility and justifiability in AI systems [29, 33, 36]. Third, oversight focuses on evaluat-

ing AI system performance across its lifecycle by identifying relevant facts and evi-

dence [33, 45]. Fourth, enforcement addresses the consequences drawn from such eval-

uations, typically in the form of assessments or reviews highlighting accountability as 

a combined results [33]. Audits are particularly well-suited to fulfilling the oversight 

and enforcement dimensions of this accountability framework. Unlike voluntary prin-

ciples, audits are systematic, independent, and documented processes for determining 

whether predefined audit criteria have been met, based on the collection and evaluation 

of relevant objects or evidence [21, 24]. Over recent years, multiple audit types have 

emerged, each with a distinct focus and domain [24, 39, 49], thereby expanding the 

range of functions audits can serve. Audits have consequently established themselves 

as highly effective accountability instruments [3].  

When auditing AI systems, a broad range of components can be examined. In the IT 

domain, these include change management practices, data, service management, IT 

budget and costs, and incident response, among others [31]. Within the AI domain spe-

cifically, audit-relevant components extend to model features, model inputs and out-

puts, as well as contextual factors such as the cultural environment, first-party interpre-

tation, and third-party understanding [28]. Since AI systems frequently operate as sub-

sidiaries of larger IT systems, auditing an IT component will often simultaneously sur-

face AI-related issues [9, 18]. Zinda [49] further argues that governance, assurance, and 

risk are central considerations during an AI audit, given that the audit process helps 

identify potential ethical issues, biases, and unintended consequences arising from data 

collection, algorithmic decision-making, and societal impact [3].  

Conducting such audits is not without challenges. In some cases, access to AI system 

components is limited to the model output retrieved via an API, making deeper inspec-

tion difficult [4]. Components such as training data or model development processes 

are frequently classified as trade secrets and therefore inaccessible to external auditors 

[4]. These structural barriers underscore a fundamental problem: without a defined, 

continuous process for integrating audits into the AI development lifecycle, 
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accountability remains fragmented and reactive. The absence of a structured, continu-

ous audit process that aligns with existing IT governance frameworks motivates the 

process model proposed in this paper. 

3 Methodology 

This paper follows the Design Science Research (DSR) paradigm as its overarching 

methodological foundation. DSR is concerned with the creation and evaluation of arti-

facts that solve identified organizational or sociotechnical problems [17]. Following the 

artifact taxonomy of Hevner et al. [17], SCARPI is classified as a method artifact: a 

process model that provides a concrete sequence of steps for achieving a specified goal. 

The design and development of SCARPI follows the DSR process model proposed by 

Peffers et al. [37], specifically the phases of problem identification and motivation, def-

inition of objectives, design and development, and communication of results. Artifact 

evaluation, identified by Hevner et al. [17] as a core DSR activity, is acknowledged as 

a necessary next step and is discussed in the limitations of this paper. 

To inform the design of the artifact, we applied a structured literature review as the 

primary knowledge base, following the approach presented by Webster & Watson [46] 

in combination with vom Brocke et al. [44]. The combination of both approaches en-

sures qualitative, traceable, and reproducible results. We conducted a systematic query 

across the three literature databases, ACM Digital Library, Scopus, and Web of Sci-

ence, searching across title, abstract, and keywords. The initial search results can be 

seen in Fig. 1. 

 

Fig. 1. Literature Review Overview. 

The screening process proceeded in two stages. First, we removed duplicates as well as 

articles that were non-English, not peer-reviewed (including panels and commentaries), 

or unavailable in full text. Second, we applied quality criteria to the remaining set 
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following Bandara et al. [1], evaluating each article based on its title, abstract, and full 

content. The quality criteria were: 

• Papers proposing guidance for auditing IT or AI systems, 

• Papers presenting guidelines for developing fair IT or AI systems, and 

• Papers comparing or evaluating existing frameworks related to auditing. 

Following this filtering process, 57 papers were identified as relevant for further 

analysis. The synthesis of these papers revealed that existing literature predominantly 

offers high-level recommendations and general guidelines, but stops short of providing 

a precise, actionable procedure for continuously auditing AI systems. This finding di-

rectly motivated the design of SCARPI as a method artifact that operationalizes the 

accumulated guidance from the literature into a governance-integrated process model, 

thereby responding to both the practical gap identified in the problem statement and the 

DSR imperative to produce artifacts of demonstrable utility [17, 37]. 

4 Review of Existing Governance and Audit Frameworks 

Existing IT governance and audit frameworks offer a valuable starting point for devel-

oping structured approaches to AI auditing. By examining these frameworks critically, 

organizations can identify transferable principles while also recognizing where adapta-

tion is necessary to account for AI's unique characteristics. 

4.1 Transferable Principles from IT Governance 

Several core principles from established IT governance practice translate directly to the 

AI domain. Data integrity, for instance, is a central concern in frameworks such as 

COBIT [23] and becomes even more critical in AI contexts, where the quality and bias 

of training data directly affect model performance and fairness [40]. Similarly, trans-

parency and traceability, which are foundational principles in both COBIT and ISO 

19011:2018, are equally essential when governing AI systems, which are often complex 

and difficult to interpret [15]. The concept of explainable AI [7] has emerged as the AI-

specific counterpart to these principles, reflecting the growing recognition that AI de-

cision-making processes must be communicated in a clear and understandable manner. 

At the same time, not all IT governance principles extend seamlessly to AI. Certain 

aspects require tailored consideration due to AI's dynamic and evolving nature [6]. In 

particular, the explainability and interpretability of AI decision-making present chal-

lenges not typically encountered in traditional IT systems, where algorithms are com-

paratively transparent [20]. 

4.2 Strengths and Limitations of Existing Frameworks 

Given that auditing frameworks for AI systems remain largely immature [26], adopting 

and adapting established frameworks such as ISO 19011:2018 and COBIT is widely 

recommended as a foundation for implementing effective AI auditing systems. Both 
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frameworks are widely recognized, have undergone multiple revisions since their initial 

development, and embody accumulated best practices for governing and auditing IT 

systems. ISO standards are formally reviewed every five years, while COBIT has 

evolved through six versions since its introduction in 1996, most recently as COBIT 

2019 [23].  

ISO 19011:2018 provides a broad auditing solution centred on a continuous auditing 

approach and a structured audit program, which aligns well with the iterative nature of 

AI development. However, its process flow remains highly general and requires further 

refinement to be applicable to the AI domain. COBIT, on the other hand, offers valuable 

governance and risk assessment objectives that complement ISO 19011:2018's pro-

cesses well [47]. Yet COBIT does not adequately address the software development 

lifecycle [49] and provides limited guidance on execution. Moreover, fully complying 

with COBIT in agile software engineering environments introduces additional organi-

zational challenges [35], as AI development is inherently iterative rather than waterfall-

based [38]. In sum, neither framework alone is sufficient; both require supplementation 

with additional tools, procedures, and processes to be applicable to AI system auditing. 

4.3 The Role of Stakeholders 

An effective audit of AI systems demands the involvement of diverse stakeholder 

groups, both internal and external. Internal stakeholders typically include executive 

management, IT managers, business managers, and board members [23], while external 

stakeholders encompass state actors, external auditors, domain experts, and members 

of civil society [10]. The inclusion of external stakeholders is particularly important: as 

they are not directly involved in the development or operation of the system under re-

view, they are positioned to conduct impartial assessments and provide objective in-

sights into potential harms or unintended consequences [10, 47]. 

4.4 Limitations of Existing AI-Specific Process Models 

Beyond IT governance frameworks, several AI-specific approaches have emerged, 

ranging from comprehensive governance frameworks and ethical principles [14, 18, 32] 

to algorithmic and statistical audit mechanisms [11]. However, existing literature has 

focused predominantly on rules, guidelines, and principles rather than structured pro-

cess models [18, 39, 49]. Process models, by contrast, offer a concrete and implementa-

ble means of embedding audit and governance structures into organizational workflows 

[12, 49].  

The few existing process models in this space exhibit notable limitations. The 

SMACTR framework proposed by Raji et al. [38] defines development phases and cor-

responding documentation artifacts but focuses primarily on internal algorithmic audit-

ing, failing to account for the influence of diverse stakeholder groups or the integration 

of existing governance structures throughout the product development lifecycle. Other 

process models address the development and deployment of fair AI systems through 

statistical optimization techniques [5, 13, 20, 27], but similarly do not provide a com-

prehensive, governance-integrated auditing procedure. 
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Taken together, these findings point to a consistent gap: no existing framework com-

bines a structured, continuous process model with integration of established IT govern-

ance principles and meaningful stakeholder involvement. It is precisely this gap that 

the process model proposed in this paper seeks to address. 

5 The SCARPI Process Model 

SCARPI, an acronym derived from its four core phases: Define Scope, Collect and As-

sess, Reflect and Plan, and Implement, was developed by aligning insights from exist-

ing audit and governance structures with the product development lifecycle of AI ap-

plications [38]. The model adopts a continuous audit program approach, reflecting that 

the review and monitoring of an AI system's performance is an ongoing, iterative task 

rather than a discrete event [24].  

The core processes of SCARPI (see Fig. 2) are connected sequentially, with each 

phase feeding into the next through a set of documentation artifacts. These artifacts 

serve a dual purpose: they are stored in a shared repository to enhance transparency and 

traceability, and selected artifacts are communicated to relevant stakeholder groups to 

inform and guide the development and deployment of the AI application. Consistent 

with best practice in AI accountability, stakeholder involvement is not limited to inter-

nal parties, thus external stakeholders play an equally important role in ensuring impar-

tial assessment [3, 30]. While conflicts may arise between internal and external stake-

holders regarding the transparency of documents, the model allows for internal and 

external versions of the documented artifacts. The external versions (e) should be 

within the shared repository, while internal versions (i) are kept confidently due to trade 

secret protections. 

5.1 Define Scope 

This phase aligns with the audit program establishment process described in ISO 

19011:2018 [24] and serves as the foundation for the entire audit cycle. Its primary 

purpose is to define the boundaries and objectives of the audit before any evidence is 

collected. Key elements to be documented at this stage include: 

• Objectives: what the audit aims to achieve and the ethical or fairness concerns it 

seeks to address. 

• Criteria: the standards, principles, or regulatory requirements against which the AI 

system will be evaluated. 

• Methods: how the audit will be conducted, including planned techniques such as 

interviews, data analysis, or automated testing. 

• Team Composition: who will be involved, including the roles and responsibilities 

of both internal and external participants. 

• Timeframe: the planned duration and key milestones of the audit process. 
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Fig. 2. The SCARPI Process Model with internal (i) and external (e) versions of shared docu-

mentation artefacts. 

To establish meaningful objectives, it is essential to monitor industry trends and reg-

ulatory developments. Frameworks such as COBIT and its proposed expansions [23, 

47] provide a useful starting point for identifying relevant risks, legal obligations, and 

governance concerns. Beyond current trends, this phase also requires anticipating po-

tential harm and proactively investigating the AI system's behaviour. External stake-

holders, including journalists, researchers, and end users, can provide valuable input in 

identifying such risks [3, 30].  

It is important to note that this phase focuses on indications and observations rather 

than concrete evidence of harm. Ethical principles, such as those set out in the European 

Commission's guidelines for trustworthy AI [18], should guide not only the formulation 

of audit objectives but also the broader development process, ensuring ongoing align-

ment with established values. Supplementary governance mechanisms, such as an in-

ternal ethics review board, can further safeguard human rights and well-being through-

out this phase [38]. 

5.2 Collect and Assess 

This phase focuses on gathering and evaluating audit evidence: the information re-

quired to assess the AI system against the criteria established in the Define Scope phase. 

The appropriate scope and sample size of this evidence will vary depending on the 

specific audit context. The outcome of this phase is a set of audit findings, which serve 

as the primary input to the subsequent Reflect and Plan phase. 
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Assessing bias and fairness requires drawing on a diverse range of information 

sources. Internal stakeholders may be interviewed to surface past decision-making pro-

cesses that shaped the AI system, as even seemingly minor design choices during de-

velopment can have significant, difficult-to-measure consequences [38, 45]. This is re-

ferred to as first-party interpretation [28]. However, relying solely on internal perspec-

tives or statistical methods is insufficient for evaluating complex AI systems, given the 

inherently political and socially embedded nature of AI [41, 49]. Third-party under-

standing, which includes perspectives from those external to the development process, 

must therefore also be incorporated. 

Landers & Behrend [28] identify six key components of AI models that can serve as 

information sources during this phase: Model Input, Model Output, Model Design, 

Model Development, Model Features, and Model Processes.  

When assessing bias, it is important to identify its specific type and origin, as bias 

can arise from multiple sources including training data, feature selection, and model 

design [16]. Modifying outputs or applying counteracting techniques should be ap-

proached with caution: each proposed change must be carefully evaluated, as interven-

tions targeting one form of bias can inadvertently introduce or amplify others [16, 45]. 

Fairness and performance metrics provide structured means of evaluating the model's 

behaviour against the audit's predefined objectives and criteria. 

5.3 Reflect and Plan 

Text This phase focuses on analysing and interpreting the audit findings produced in 

the Collect and Assess phase. Following the approach set out in ISO 19011:2018, audit 

conclusions are drawn by systematically reviewing these findings against the objectives 

and criteria established during Define Scope. These conclusions address how well the 

audit objectives were met, the comprehensiveness of the audit scope, and the degree to 

which predefined criteria were fulfilled. 

The conclusions then serve as the foundation for a mitigation plan, which prioritizes 

identified risks and proposes concrete design recommendations to improve the AI sys-

tem's fairness and ethical compliance. COBIT's objective APO02 (Managed Strategy) 

provides a useful reference for structuring this planning process [23]. Determining the 

threshold at which an AI system presents an unacceptable ethical or fairness risk is a 

non-trivial challenge; guidance can be drawn from resources such as the European 

Commission's guidelines for trustworthy AI [18] or the ICO's Draft Guidance on AI 

and Data Protection [22].  

A key transparency artifact produced during this phase is the algorithmic design his-

tory file (ADHF), a concept adapted from the SMACTR framework [38]. This file 

serves as an auditable record of the audit process, capturing the evaluation of findings, 

the rationale behind major decisions, and the progression of the mitigation plan. Within 

SCARPI, this artifact supports the principles of explainable AI and aligns with the 

BAI12 Managed Black Box objective proposed in the COBIT expansion by Witt et al. 

[47]. 



10  C. Brackmann 

 

5.4 Implement 

This phase, aligned with the act stage of the Plan-Do-Check-Act (PDCA) cycle and the 

follow-up concept in ISO 19011:2018 [24], focuses on executing the corrective actions 

identified in the mitigation plan. It is functionally analogous to error and exception 

management in COBIT's DSS06 objective (Manage Service Delivery and Support) 

[23]. The goal is to directly improve the AI system's perceived fairness and to reduce 

identified bias.  

Optimizing the bias-variance trade-off is central to achieving statistical fairness. 

Commonly employed techniques include pre-processing, in-processing, and post-pro-

cessing methods, each targeting different stages of the model development pipeline [2, 

40]. The range of available options will vary depending on the specific model architec-

ture and the degree of access the engineering team has to the system's internals. 

Throughout implementation, it is essential that all changes are guided by the prior phas-

es' objectives, findings, and mitigation plan. Where further issues or unexpected side 

effects are discovered during implementation, these should be thoroughly documented 

and deferred to a subsequent audit iteration, as their full risk profile and impact cannot 

yet be adequately assessed [38]. If a critical failure breaching the risk threshold estab-

lished during Reflect and Plan is identified, such as evidence of unlawful discrimination 

or a safety-relevant harm, the affected deployment must be halted or rolled back, with 

the authority to do so residing with a designated governance body such as the internal 

ethics review board or executive management. A new audit cycle is then initiated im-

mediately rather than deferred, ensuring the system is reassessed before redeployment. 

5.5 Post-Deployment: The Public Transparency Statement 

Following the successful implementation of the mitigation plan, SCARPI prescribes 

the production of a Public Transparency Statement (PTS). This artifact is derived from 

the ADHF compiled during Reflect and Plan and is designed to communicate the AI 

system's audit progress to external audiences in a structured and accessible format, 

while excluding commercially sensitive information and trade secrets. That means, the 

PTS is the external (e) counterpart of the ADHF. It serves two core functions: enhanc-

ing public trust and demonstrating organizational transparency. As the EU AI Act in-

creasingly mandates transparency from organizations deploying AI systems [8], the 

PTS provides a concrete mechanism for these obligations. Key components may in-

clude first-party interpretations of system behaviour, validation methods employed, 

fairness metrics in use and their improvement over time, and information on known 

residual biases currently under investigation. It is important to note that meaningful 

organizational transparency requires sustained commitment across multiple audit cy-

cles; a single PTS is a starting point, not a destination [50]. 

6 Discussion 

This paper advances IS governance research by demonstrating that the accountability 

gap in AI-enabled IT systems cannot be addressed by technical solutions or ethical 
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principles alone. By positioning AI systems as sociotechnical extensions of existing IT 

infrastructure rather than standalone entities, the paper builds a case for why IS gov-

ernance frameworks such as COBIT and ISO 19011:2018 are not merely analogous to 

AI governance but are foundational to it. This reframing has implications beyond 

SCARPI itself: it suggests that the IS governance literature holds underexplored re-

sources for the broader AI accountability discourse, and that future research at this in-

tersection is both warranted and overdue. 

Compared to the most closely related artifact in the literature, the SMACTR frame-

work [38], SCARPI advances on three dimensions. First, it explicitly integrates with 

established IT governance objectives from COBIT and ISO 19011:2018, rather than 

proposing a standalone auditing procedure. Second, it incorporates both internal and 

external stakeholder groups as active participants throughout the audit process, rather 

than treating auditing as a purely internal engineering activity. Third, its continuous 

audit program structure reflects the iterative nature of AI development, whereas 

SMACTR is primarily oriented toward discrete pre-deployment review. Other process 

models in this space address fairness through statistical optimization techniques [5, 20] 

but do not engage with organizational governance structures at all, leaving precisely 

the gap that SCARPI is designed to fill. Taken together, these distinctions position 

SCARPI not as an incremental refinement of existing work but as a structurally differ-

ent type of contribution. This treats the organizational and governance context of AI 

systems as a first-order concern rather than an afterthought. 

Several limitations of this work must be acknowledged. Most critically, SCARPI has 

not yet been subjected to empirical evaluation. As a DSR method artifact [17], its util-

ity, feasibility, and organizational fit remain to be demonstrated through real-world ap-

plication. The model was derived from a synthesis of existing literature and governance 

frameworks, which ensures its theoretical grounding but does not substitute for practi-

cal validation. Further, SCARPI's current integration is primarily anchored in COBIT 

and ISO 19011:2018; organizations operating under different governance frameworks 

may require adaptation before the model can be applied effectively. 

7 Conclusion 

This paper has proposed SCARPI, a structured process model for the continuous ethical 

auditing of AI-enabled IT systems. The central objective of the framework is to foster 

a productive alignment between AI accountability mechanisms and established IT gov-

ernance structures. Existing frameworks have thus far failed to formalize this relation-

ship. By integrating AI auditing with the governance principles and audit processes 

embodied in COBIT and ISO 19011:2018, SCARPI enables organizations to proac-

tively identify, evaluate, and mitigate the ethical risks of AI deployment, supporting a 

more secure, responsible, and trustworthy integration of AI into workflows. 

The key contribution of SCARPI lies in its dual integration: it aligns with existing 

IT governance structures, ensuring organizational compatibility, while simultaneously 

extending these structures to address the specific ethical challenges posed by AI sys-

tems. The continuous audit program approach at the model's core reflects the iterative 
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nature of AI development and ensures that oversight is embedded throughout the prod-

uct lifecycle rather than applied as a post-hoc measure. The inclusion of structured 

transparency artifacts, most notably the PST, addresses emerging regulatory demands 

under the EU AI Act and contributes to building broader societal trust in AI systems. 

Future research should prioritize empirical validation through case studies within 

organizations operating under COBIT-aligned governance structures, as these would 

provide the most direct basis for assessing SCARPI's real-world utility. Beyond valida-

tion, the integration of additional governance frameworks, the examination of 

SCARPI's applicability across EU AI Act risk categories, and the standardization of the 

Public Transparency Statement as a regulatory reporting instrument each represent 

promising avenues for further inquiry. Ultimately, the convergence of IS governance 

principles and AI accountability is not an optional enhancement; it is a structural pre-

requisite for trustworthy AI at organizational scale. 
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