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ABSTRACT​
​
The rapid evolution of Artificial Intelligence (AI) has increased the need for organizations to translate 
ethical principles into actionable and governable practices. While ethical AI establishes normative 
principles such as fairness, transparency, and explainability, responsible AI requires mechanisms to 
operationalize and govern them.  
​
This review examines measurement as the missing connective layer between ethical AI and responsible 
AI and investigates the resulting standardization gap. ​
​
A purposive narrative review of relevant literature was conducted to examine ethical constructs, 
measurement approaches, and standardization challenges. ​
​
The synthesis indicates that fairness is extensively measured through multiple and non-comparable 
metrics, while transparency and explainability remain comparatively insufficiently measured and lack 
widely validated measures. The paper argues that effective responsible AI requires a measurement 
approach that connects clearly defined ethical constructs with valid and reliable measures, stakeholder 
input, and explicit governance of competing objectives. ​
​
The paper contributes by reframing  the principles-to-practice gap as a measurement problem and  
proposing a  bridge between ethical AI and responsible AI.  

 

Keywords: Ethical AI, Responsible AI, Fairness, Transparency, Explainability, AI governance, 
Standardization, 

 
INTRODUCTION 
 
Johnson et al. (2025) posited, AI is not only limited to specialized research, but also into a pervasive 
sociotechnical infrastructure. Moreover, with the invention of agentic AI it’s steering decisions in finance, 
education, aerospace, retail stores, healthcare, transportation and the public sector. Notably, UAE has 
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already set a goal in 2025 to automate around 50% of the governmental services and operations with 
agentic AI by 2027 (UAE Government, 2025) and Singapore debuts into the world’s first governance 
framework with agentic AI (IMDA, 2026). 
 

This rapid rise in AI Adoption and governmental initiatives has been accompanied by an extensive 
normative literature that follows the value that AI systems ought to respect. Jobin et al. (2019) argued 
about the global landscape of AI ethics guidelines, with principles i.e. transparency, justice and fairness 
across documents are crucial to be produced by governments, companies, and professional bodies. 
 

The discipline has accordingly bifurcated into two distinct area. The first, frequently labelled ethical AI, is 
normative, it asks what AI systems should do and which values should compel their design and 
deployment (Floridi & Cowls, 2019). The second, is responsible AI, which is operational and answers, 
how organizations can ensure that those values are realized in practice, and who is accountable when they 
are not. Hence, responsible AI is the machinery built to honor the commitments that ethical AI articulates 
(Mittelstadt, 2019). Yet many studies are evident that the computational systems and processes which are 
meant to make AI ethical usually don’t work into that direction (Morley et al., 2021). 
 

Mittelstadt (2019) argued that principles alone cannot guarantee ethical AI. Additionally, Hagendorff 
(2020) demonstrated, although the guidelines are rapidly increasing across the field are vague, mutually 
redundant, and disconnected from any mechanism of enforcement. The differentiation between stated 
principle and realized practice has been indicated in this paper as a principle to practice gap (Mittelstadt, 
2019; Morley et al., 2021; Rakova et al., 2021 and Veale, Van Kleek & Binns, 2018). 
 

Research Gap and Objective 

 

This paper advances a specific diagnosis of why that gap persists. The argument is that the connective 
tissue between ethical AI and responsible AI is measurement, and that this tissue is underdeveloped and 
unstandardized (Mittelstadt, 2019; Morley et al., 2021). Responsible AI is a governance project, and 
governance requires the capacity to assess whether a system meets a stated expectation; that capacity, in 
turn, requires valid and comparable measurement of the relevant property (Rakova et al., 2021; Veale et 
al., 2018).Where a principle cannot be measured consistently, responsible AI is asked to govern 
something it cannot observe, and the result is either superficial compliance or the displacement of ethical 
commitments by whatever happens to be easy to quantify. 
 

The paper further argues that the measurement problem is not uniform across principles. Instead, it 
exhibits structural asymmetry. For fairness, the field suffers from an excess measurement; a large and 
growing inventory of formal metrics, many of which are mutually incompatible (Mittelstadt et al., 2019 ; 
Doshi-Velez and Kim, 2017). For transparency and explainability, the field suffers from a deficit: the 
absence of agreed, standardized performance measures at all (Morley et al., 2021; Rakova et al., 2021). In 
both cases, and across the principles taken together, there is no accepted standard for adjudicating the 
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trade-offs that arise when several criteria must be satisfied simultaneously. The paper terms this twofold 
condition the standardization gap. 
 

This research paper contribution is threefold. First, the paper offers a conceptual account of measurement 
as the connective layer between ethical AI and responsible AI, clarifying why operationalization is 
impossible without it. Second, it indicates standardization gap as a structural, which shows the way to 
solve the problem (ReyesCruz & GarcíaSánche, 2025). Third, it proposes a research and governance 
agenda for standardization i.e. three separable tasks. Accordingly, the findings revolve around three 
research questions: 
 

Research Question 1: What relationship links ethical AI to the responsible AI? 

 

Research Question 2: What is AI-ethics measurement, and reason for standardization in this approach not 
yet emerged? 

 

Research Question 3: How can standardization of ethics measurement bridge the gap between principle 
and practice? 

 

To answer the above questions, this study adopts a purposive narrative literature review. The selected 
literature is then analyzed thematically. The analysis then compares the measurement landscape for 
fairness, transparency and explainability and uses the identified gaps to develop the proposed conceptual 
framework. 
 

​
METHODS 

 

This section outlines the methodology of literature review i.e., the approach by which the sources were 
selected for the paper, literature identification, inclusion & exclusion along with the selection and 
analytical process as follows. 
 

Review Approach 

 

The aim of this paper is conceptual rather than empirical. Therefore, the research paper adopts a 
purposive narrative literature review approach, to examine the conceptual relationship between ethical AI 
and responsible AI, and to synthesize relevant literature and critically examine principles to practice 
translation (Jaakkola, E. ,2020). Unlike a systematic review, which uses standardized search and 
screening procedures to minimize selection bias in synthesizing an evidence base, the present purposive 
approach selects conceptual depth capable of informing the development of the research based conceptual 
argument over comprehensive coverage (Jacobs, A. Z., & Wallach, H., 2021). 
 

Literature Identification and Search Scope 
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The literature search focused on research published between 2022 and 2026 in order to capture the rapidly 
developing evidence based on responsible AI, AI ethics measurement, evaluation, and operationalization. 
Earlier foundational studies were also included selectively where provided, theoretical, methodological or 
conceptual contribution for this research. These include foundational work on AI ethics principles, the 
principles-to-practice gap, fairness measurement, sociotechnical abstraction, and measurement theory 
(Jobin et al., 2019; Mittelstadt, 2019; Selbst et al., 2019; Jacobs & Wallach, 2021). Their inclusion was 
therefore based on conceptual significance rather than publication recency. 
 

Attention was given to peer-reviewed research indexed in Scopus, and the ACM Digital Library and 
Artificial Intelligence review etc. The search was organized around following concepts; “AI ethics,” 
“ethical AI,” “responsible AI,” “fairness metrics,” “explainability,” “interpretability,” “measurement,” and 
“construct validity.” 

 

Inclusion and Exclusion Criteria 
 

Literature was selected using the following inclusion criteria: 
 

1.​ The publication directly addressed ethical AI, responsible AI, trustworthy AI, AI governance, AI 
ethics, or the operationalization and evaluation of ethical principles. 

2.​ The study contributed to at least one of the analytical dimensions of this paper: measurement, 
operationalization, fairness, transparency, explainability, governance, standardization, or ethical 
trade-offs. 

3.​ The publication was peer-reviewed where it was used as core scholarly evidence. 
4.​ Preference was given to research published between 2022 and 2026 to reflect the current 

development of responsible AI research. 
5.​ Highly cited or conceptually foundational earlier studies were retained where their theoretical 

contribution was necessary to establish the conceptual basis of the study. 
6.​ Systematic reviews, structured literature reviews, surveys, measurement studies, and evaluation 

frameworks were given particular attention because they provide evidence concerning the 
organization and maturity of the existing measurement landscape. 

 

Excluded studies were, primarily unrelated to ethical or responsible AI, focused exclusively on technical 
model performance without relevance to ethical evaluation or governance, duplicated arguments already 
represented by stronger synthesis studies, or did not provide sufficient conceptual or empirical relevance 
to the research questions. Policy, regulatory, and standards documents were considered separately from 
the peer-reviewed literature because they provide institutional and governance context rather than 
equivalent scholarly evidence. 
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​
​
Selection and Analytical Process 

 

The literature was analyzed through a thematic synthesis rather than through statistical meta-analysis.  
 
First, selected studies were examined for their treatment of the relationship between normative ethical 
principles and their practical implementation.  
 
Second, relevant findings were organized according to the major analytical constructs emerging from the 
research questions: (1) Ethical AI as a normative layer, (2) Responsible AI as an operational layer, (3) the 
principle-to-practice gap, (4) measurement and operationalization, (5) standardization of ethical measures, 
and (6) trade-offs between competing principles. 
 

Third, literature was compared across the three principles that are central to this study; fairness, 
transparency, and explainability. The analysis specifically examined whether each principle has clearly 
defined constructs, established operational measures, validated evaluation approaches, and mechanisms 
for resolving conflicts with other principles. Finally, the findings were synthesized to identify recurring 
structural patterns rather than merely summarize individual studies. 
 
​
LITERATURE REVIEW 

 

Ethical AI as the Normative Layer 
 

Artificial intelligence is transforming and revolutionizing science, societies and human intelligence by 
bringing in automated ways to perform tasks and take decisions. While ML, artificial neural networks, 
deep learning and agentic AI are reinventing the automation processes verticals such as transportation, 
healthcare etc. are extensively adopting AI for efficiency and efficacy. Hence, the impact of such 
disruptive technologies can be observed into various societal domains. Despite, being obvious surge in 
business growth there are ample discourse about the principles and values, which are guiding mechanisms 
of such developments (Jobin et al., 2019). 
 

Moreover, Jobin et al. (2019) critiqued ethical AI as a normative layer for specifying the values that AI 
systems to follow. In turn, its outputs are principles, declarations, and codes of conduct, and its 
intellectual base runs through applied ethics and political philosophy. Accordingly, Floridi and Cowls 
(2019), proposed a unified framework of five core principles in bioethics i.e. beneficence, 
non-maleficence, autonomy, justice and explicability. The uniqueness of such framework lies in their 
generality, across applications and jurisdictions. However, the generality is also being critiqued by many 
research as a operational weakness, due to its high level of abstraction which by itself doesn’t specify 
what compliance would look like (Awad et al., 2018). 
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Skeptics have also questioned the credibility of principle-based ethics which inherit limitations from 
medicine that do not sit well with AI Systems. Mittelstadt (2019) observed that medicine benefits from 
common aims, professional norms, robust accountability mechanisms, and a long history of translating 
principles into practice, are missing in AI development. The implication is that ethical AI, however well 
specified at the level of value, cannot comply with its own commitments. It requires a second layer that 
operationalizes principle into practice. 
 

Responsible AI as the Operational Layer 
 

Morley et al. (2021) reported that responsible AI is implicated towards governance frameworks, audits 
impact assessment, maturity models and assignments of responsibilities by being an integral part of 
ethical AI, playing a role as a controller and forming accountability through organizational ethical 
commitments, across the AI landscape. 
 

Therefore, framing of ethics must be operationalized rather than merely declared as a governing principle 
to deliver ethics as a service, embedding ethical review into the development workflow (Reyes‑Cruz et 
al., 2025). Hence, auditing has become a central instrument of this layer which possesses structured, 
multi-layered approaches to auditing large language models. Thus, it illustrates the attempt to convert 
normative expectations into iterative assessment procedures as second layer of operationalization 
(Mokander et al., 2024). 
 

Notably, some authors treat responsible AI as the broader umbrella, encompassing ethical, legal, robust, 
and sustainable dimensions, with ethics as one constituent. Others treat ethical AI as the broader 
normative horizon and responsible AI as its implementation or operational layer (Reyes‑Cruz et al., 2025; 
Morley et al., 2021; Jobin et al.,2019). 
 

This paper adopts the convention which states that ethical AI is the normative layer that specifies what 
ought to be achieved, and responsible AI is the operational layer that specifies how it is achieved and by 
whom (Gyevnár, B., & Kasirzadeh, A., 2025). Therefore, this paper discussed two distinct layers and the 
how the connection between them must be established. 
 

Principles-to-Practice Gap 
 

The persistent challenge in AI ethics is translating normative commitments into daily organizational 
practices. Hence, the principles to practice gap evaluated in this paper explains the tendency of 
institutions to adopt ethical frameworks, while failing to adopt this commitment into the design, 
development and deployment of Computational systems (Jobin et al., 2019). 
 

 
Sep 2026 
Vol 11. No 3. 

Oxford Journal of Student Scholarship 
www.oxfordjss.org 

346 



From Principles to Practice: Measurement as the Bridge Between Ethical AI and Responsible AI 

Hagendorff (2020) critiques that ethical declarations often remain disconnected from operational 
decision-making, giving rise to what has been described as ethics washing, where the appearance of 
ethical responsibility replaces meaningful implementation. 
 

Further evidence of this disconnect is provided by recent synthesis research examining the 
operationalization of AI ethics in computing. Rismani et al. (2025) reviewed the measures used by 
researchers to assess ethical principles and found that evaluation approaches are fragmented, narrowly 
focused, and unevenly into existing literatures. 
 

This lack of consistency limits comparability, and weakens critical evaluation, toward accountable AI 
governance. Hence, the implementation gap is persistence, despite the usage of ethical guidelines from 
past decades. As a result, it, indicates that the central challenge is no longer identifying ethical principles 
but establishing rigorous, systematic methods for verifying whether those principles have been effectively 
translated into practice (Mittelstadt, 2019). 
​
 
CONCEPTUAL MODEL AND PROPOSITIONS 

 

Constructs and Operationalization 

 

Jacobs and Wallach (2021) defined constructs as unobservable theoretical entities and must be inferred 
from observable properties via a measurement model. Therefore, constructs require explicit definition 
before measurement because different operationalizations may represent different interpretations of the 
same normative concept. This distinction is particularly important for fairness, where alternative metrics 
may encode different underlying conceptions of what fairness requires (Jacobs & Wallach, 2021). 
 

Adcock and Collier (2001) defined operationalization is the process of translating an abstract construct 
into observable indicators, variables, procedures, or assessment rules. Operationalization therefore 
precedes measurement: the construct establishes what is intended to be assessed, while operationalization 
establishes how evidence of that construct will be obtained. Responsible AI aspires to comparable 
governance, but the properties it must govern, such as fairness, transparency, and explainability are not 
directly observable in the way that a physical quantity is. They are abstract constructs that must be 
operationalized, that is, connected to observable indicators through an explicit procedure (Rismani et al., 
2025; Gyevnár & Kasirzadeh, 2026). Without such a procedure, an expectation cannot be checked, an 
audit cannot reach a verdict, and accountability cannot attach to a determinate finding. Hence, 
measurement is necessary component for refinement of responsible AI, and it converts a normative 
commitment into an assessable claim (Figure 1). 
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Figure 1: The two-layer structure of ethical AI and responsible AI 

 

Figure 1 shows that ethical AI specifies principles on which there is broad agreement (top); responsible 
AI must render those principles into governable practice (bottom). The two layers are separated by the 
principle-to-practice gap. Measurement is the connective layer that spans the gap by converting each 
principle into an assessable claim; where measurement is absent or invalid, the gap persists as superficial 
compliance. The schematic synthesizes the principle-based critiques of Mittelstadt (2019) and Hagendorff 
(2020), clarifies why principle-based ethics stalls implementation. The move from ethical AI to 
responsible AI is precisely the move from naming a value to measuring its realization, and it is at this 
junction that the field's difficulties concentrate. 
 

Measurement, Validity and Reliability 
 

Measurement is conventionally defined as the assignment of values to attributes according to an explicit 
rule (Stevens, 1946). Jacobs and Wallach (2021) reframed this as measurement modeling: because 
constructs are unobservable, values are not assigned directly but inferred from observable properties 
through a model whose assumptions link construct to indicator. 
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A measurement is therefore interpretable only when four elements are made explicit: the construct being 
assessed, the operationalization adopted, the procedure applied, and the context in which the resulting 
scores are read. Adcock and Collier (2001) treat this last element as substantive rather than incidental, 
arguing that measurement claims are contextually specific and that the interpretation of scores in relation 
to a systematized concept constitutes a falsifiable claim requiring supporting evidence, not a definitional 
guarantee. Measurement is thus not quantification alone, but the disciplined representation of a defined 
construct through a procedure that is explicit enough to be evaluated and, where the assumptions fail, 
contested (SuárezÁlvarez et al.,2026). Hence, the existence of a measurement does not establish that the 
measurement is fit for governance. Two properties are particularly important: validity and reliability. 
 

Validity concerns whether the evidence produced by a measurement procedure adequately represents the 
construct that the measure is intended to assess (Adcock & Collier, 2001). Jacobs and Wallach (2021) 
demonstrated the disagreement among fairness metrics can reflect unresolved disagreement about the 
underlying construct rather than merely disagreement about numerical thresholds. 
 

Validity should therefore be treated as a property requiring justification rather than as an automatic 
consequence of using a formal metric (Salaudeen et al., 2025). In the context of ethical AI, validity 
requires consideration of whether the construct has been adequately defined, whether the 
operationalization corresponds to that definition, and whether the resulting evidence supports the intended 
interpretation. Applied to responsible AI, construct validity therefore asks whether a selected indicator 
captures the relevant ethical property rather than a simplified or unintended substitute for that property. 
 

On the other hand, reliability concerns the consistency and stability of a measurement procedure under 
comparable conditions (Adcock & Collier, 2001). A reliable procedure should not produce substantially 
different results merely because a measurement is repeated or because different assessors apply the same 
procedure. Jacobs and Wallach (2021) emphasize both validity and reliability to be considered for 
defensible measurement in computational systems, noting that both must be assessed rather than assumed. 
Reliability and validity are nonetheless distinct properties. A measure may be reliable but invalid, 
repeatedly producing the same result while consistently capturing the wrong property (Adcock & Collier, 
2001). 
 

The distinction can therefore be represented as follows the sequence: construct definition, 
operationalization, measurement, validity and reliability assessment, interpretation, governance decision 

 

This sequence strengthens the proposed measurement bridge (Figure 1) because it prevents responsible AI 
governance from treating any numerical result as automatically meaningful. Measurement becomes a 
governance instrument only when the construct is explicitly defined, the operationalization is justified, the 
resulting measurement is sufficiently valid and reliable for its intended purpose, and the conditions of 
interpretation are documented (Blodgett et al. 2021; Rismani et al. 2025). 
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THE STANDARDIZATION GAP 

 

Standardization refers to the development and adoption of agreed definitions, procedures, measurement 
rules, reporting requirements, and decision criteria that enable an ethical property to be assessed 
consistently and meaningfully compared across relevant systems and contexts (Timmermans, S., & 
Epstein, S., 2010). Standardization does not necessarily require one universal metric for every AI system. 
Given the sociotechnical and contextual nature of ethical constructs, a more appropriate objective is 
methodological standardization: agreement on how constructs are defined, how measures are selected, 
how validity and reliability are assessed, how measurement conditions are reported, and how differences 
or trade-offs are justified (Adcock and Collier, 2001). 
 

Hence, this section argues the present state of non-uniformity and asymmetrical edges of ethical AI i.e. 
fairness, transparency and explainability. These have been evaluated based on present literature and 
trade-offs are being examined. 
 

Fairness  
 

Fairness is the principle for which formal measurement is most advanced, and keeping the source of its 
difficulty. A large inventory of statistical fairness criteria now exists, including demographic parity, 
equality of opportunity, and predictive parity, each formalizing a distinct intuition about what equal 
treatment requires (Hardt et al. 2016; Mehrabi et al. 2021). The profusion would be benign if the criteria 
agreed, but its not the case. Results indicate that several intuitively compelling fairness criteria cannot be 
satisfied simultaneously except in degenerate cases. When base rates differ across groups, calibration and 
equalized error rates are mutually incompatible (Kleinberg et al. 2017; Chouldechova, 2017). 
 

The consequence of governance is that an organization can demonstrate fairness on one metric while a 
critic demonstrates unfairness on another metric. Hence, there is no standard available to resolve between 
them. Notably, fairness is, in this sense, over-measured i.e. the abundance of metrics, absent any 
principled rule for selecting among them, produces not clarity but the possibility of selective and 
self-serving reporting. The condition described earlier as conflation of construct and operationalization 
(Jacobs and Wallach 2021) is thereby exhibited at scale. 
 

Transparency 
 

Transparency refers to the availability and accessibility of relevant information concerning an AI system, 
including its purpose, development, data, operation, limitations, governance arrangements, and relevant 
decision processes. Transparency is consequently broader than the explanation of an individual model 
output (Jobin et al., 2019). 
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A transparent system may provide information about what the system is intended to do, what data and 
processes support it, who is responsible for it, what limitations apply, and how its performance and risks 
are monitored. Transparency is therefore concerned substantially with the availability and accessibility of 
information required by relevant stakeholders (Mitchell et al., 2019). 
 

Explainability 
 

Explainability refers to the extent to which the behavior or outputs of an AI system can be meaningfully 
explained to an identified audience for a specified purpose. Explainability is therefore concerned with 
intelligibility and understanding rather than merely information availability (Barredo Arrieta et al.,2020). 
Transparency and explainability are related but distinct. An organization may provide extensive technical 
documentation and therefore demonstrate a degree of transparency while still failing to provide 
explanations that are understandable or useful to affected users (Mitchell et al., 2019; Lipton, 2018). 
 

Critics argued that the field had not established a rigorous basis for evaluating interpretability at all, 
leaving the notion under-specified and its assessment largely informal (Doshi-Velez and Kim, 2017). The 
difficulty is compounded by a normative dispute about whether post hoc explanation of opaque models is 
even the right goal, given arguments that high-stakes decisions should rely on inherently interpretable 
models rather than explanations layered onto black boxes (Rudin, 2019). 
 

A recent systematic review of more than three hundred explainability studies reinforces this diagnosis, 
that evaluation practices remain largely qualitative and inconsistent and that no shared quantitative 
standard yet exists for judging the adequacy of an explanation (Nauta et al., 2023). In addition, a survey 
of evaluation criteria for trustworthy AI note that, while quantifiable metrics can be computed for 
properties such as fairness and accuracy, no comparable performance metrics have been established for 
many other principles, so their assessment defaults to manual or procedural review rather than 
measurement (Rismani et al., 2025). As a result, transparency and explainability are insufficiently 
standardized measurements. In a precise sense, the measurement layer of responsible AI would be needed 
for governance. 
 

Trade-off Management 
 

Kleinberg et al.(2017) identified that, ethical principles are not independent; satisfying one can 
compromise another. When fairness, accuracy, transparency, and privacy are examined in a tension, it has 
shown impossibility results for fairness. so that improvement on one dimension may degrade to another. 
Hence, a standardized measurement-based framework would be needed to fix metrics and threshold for 
each principle in isolation. The specification of how trade-offs are to be represented, weighted and 
justified should also be established. 
 

Due to absence of such standards to justify each metric, resolution of trade-offs is made implicitly and 
opaquely within AI system development. Hence, the standardization gap, has three concerns: too many 
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fairness metrics, too few transparency metrics, and no accepted account of the trade-offs that bind them 
together (Nauta et al., 2023). 
 

 

WHY STANDARDIZATION HAS NOT EMERGED 

 

Sociotechnical Characteristics of Ethics 
 

A first obstacle is that the constructs at issue are contested and unavoidably sociotechnical. Concepts such 
as fairness, transparency, and explainability do not have universally fixed meanings. Rather, they are 
normative constructs whose interpretation depends on the social, cultural, and institutional contexts in 
which they are deployed (Johnson et al., 2025). 
 

As Selbst et al. (2019) argue, translating these concepts into formal technical metrics can produce 
abstraction pitfall, in which the broader societal context that gives them significance is removed. As a 
result, computational measures may assess simplified replacement instead of the underlying ethical 
concerns they are meant to capture. If the construct legitimately varies with context, then a single 
universal metric is not merely difficult to construct but conceptually inappropriate, that’s, why metric 
proliferation is critical, rather than convergence. 
 

Contextual and Cultural Variability 

 

A second obstacle is variability across domains and cultures. The interpretation of an ethical principle, 
and the indicators that would count as evidence of its realization, differ across application settings and 
national contexts, so that a measure validated in one setting may be invalid in another. The instruments for 
ethics-related constructs connect both the feasibility and the fragility of measurement. While, validated 
frameworks can be constructed, they can also calibrated to particular populations and purposes and do not 
transfer automatically (Yang et al., 2025). Standardization that ignored this variability would risk 
imposing an apparent uniformity. In contrast, standardization that fully accommodated it would risk 
dissolving into incomparable local measures. Navigating between these failure modes is an actual and 
unresolved design problem (Selbst et al., 2019). 
 

Institutional and Regulatory Fragmentation 
 

A third obstacle indicates institutional and regulatory fragmentation. Standardization is not only related to 
a scientific achievement but itsa coordination problem requiring authoritative bodies, shared procedures, 
and incentives for adoption (Maslej et al., 2025). 
 

The present landscape is divided across competing governance frameworks such as the NIST AI Risk 
Management Framework (National Institute of Standards and Technology. 2023), process-oriented 
management-system standards such as ISO/IEC 42001 (International Organization for Standardization 
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2023), and emerging regulation such as the European Union's Artificial Intelligence Act (European 
Union, 2024), with no single governing authority. 
 

Risk-based AI regulations need developers of high-risk systems to provide measurable evidence for 
satisfy their model for ethical and performance requirements i.e. equitable performance across 
demographic groups. However, current compliance processes rely predominantly on procedural 
governance frameworks and management standards instead of validated and standardized performance 
measures. This creates a disconnect between regulatory expectations and the measurement capabilities 
available to organizations (Rismani et al., 2025). At the same time, comprehensive reviews indicate that 
although new evaluation benchmarks are emerging, universally accepted standards for assessing 
responsible AI remain limited (Maslej et al., 2025). Consequently, isolated measurement approaches, 
regardless of their individual quality, are unlikely to support consistent and comparable AI governance 
without broader institutional coordination and standardization. 
 

 

RESULTS: A PROPOSED FRAMEWORK 

 

The diagnosis above implies that standardization should not be pursued as a single undertaking of fixing 
metrics. The difficulties differ by principle and operate at distinct levels. This section proposes 
disaggregating standardization into three separable but linked tasks, which together constitute the bridge 
between ethical and responsible AI (Figure 2). 
 

 

Figure 2: The measurement bridge between ethical AI and responsible AI. 
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The first task is construct definition: 
Stating, for each principle and for a specified context, what property is to be assessed, in terms precise 
enough to be operationalized and explicit about the value commitments it encodes. The critiques of 
conflation and abstraction indicate that this task is logically prior to any choice of metric, since 
disagreement among metrics typically reflects unresolved disagreement at the level of the construct 
(Jacobs and Wallach, 2021; Selbst et al., 2019). For transparency and explainability, where constructs 
remain contested, this task is the binding constraint and must precede metric development (Lipton, 2018). 
 

The second task is operationalization:  
Connecting a defined construct to observable indicators through a procedure whose construct validity and 
reliability are themselves evaluated and reported, rather than assumed. This reframes the 
over-measurement of fairness as a problem of selection and justification under explicit criteria, and it 
directs effort for transparency toward building the interaction-based performance metrics that are 
currently absent. 
 

The third task is trade-off management:  
Specifying how the assessments of distinct principles are to be combined and how tensions among them 
are to be represented and adjudicated when they conflict. Because formal results guarantee that such 
conflicts are unavoidable (Kleinberg et al., 2017; Chouldechova, 2017), a standardization regime that 
addressed each principle in isolation would be incomplete by construction. Making trade-off resolution 
explicit and contestable is what would allow responsible AI to render accountable the value choices that 
are currently made silently within development. 
 

The Framework in Practice: An Illustrative Worked Example 

 

This section demonstrates how the proposed framework could operate in practice. Therefore, an 
illustrative hypothetical setting is used for an organization deploying AI system to screen job applicants, 
in which fairness, accuracy, privacy, and explainability are simultaneously at stake.  
 

Table 1: The three stages of the proposed framework in practice 

 

Stage Key actors Key activities Expected output 

1. Construct 
definition 

Domain experts  
 

Affected-group 
representatives  

 
Legal/compliance staff 

 

Define ethical construct 
 

Identify affected groups 
and potential harms 

 
Consider alternative 

interpretations 

Written construct 
specifications defining 
the selected construct, 

alternatives considered, 
contextual rationale, 
stakeholder concerns, 

and unresolved 
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Stage Key actors Key activities Expected output 

Ethics/AI-governance 
board 

 
Document stakeholder  

 
Disagreement and 

uncertainty 

uncertainties 

2. Operationalization  Data scientists 
 

Measurement/validation 
specialists 

 
Domain experts 

 
Independent auditors 

 
Affected stakeholders 

where feasible 

Select indicators and 
metrics 

 
Assess validity and 

reliability 
 

Evaluate data quality 
 

Establish thresholds 
 

Document measurement 
uncertainty and 

limitations 

Measurement and 
validation specification 

containing selected 
measures, 

validity/reliability 
assessment, thresholds, 

assumptions, 
uncertainty, and 

limitations 

3. Trade-off 
management  

Accountable 
decision-owner 

 
Ethics/AI-governance 

board 
 

Compliance 
 

Privacy/risk 
representatives 

 
Relevant stakeholders 

Compare competing 
objectives 

 
Assess consequences 

 
Consider stakeholder 

priorities 
 

Determine acceptable 
thresholds 

 
Select mitigation  

 
Document residual risk 

Governance 
adjudication specifying 
the decision, trade-off 

rationale, accepted 
thresholds, mitigation 

measures, residual risks, 
approval, and 

monitoring requirements 

 

Construct Definition 

For instance, in recruitment, fairness can be defined by the organization, making sure that one protected 
group is not unfairly judged during shortlisting process. The meaning of fairness is decided explicitly, 
because fairness can mean different in different situations. Alternative interpretations, such as treating 
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every applicant equally based on individual merit or ensuring that different groups have similar error 
rates. 
 
Stakeholders therefore have an important role in deciding what fairness should mean in specific scenario. 
In case there is a different opinion about the meaning of fairness, the organization should record the 
selected definition. Instead, it can give reason about its selection reason. This makes the value behind AI 
System clear and allows it to be reviewed or challenged later, instead of hiding that decision within the 
technical measurement process.   (Jacobs & Wallach, 2021; Selbst et al., 2019). 
 

Operationalization  
 
At operationalization, the broad construct such as fairness is turned into practical way of measuring them. 
For fairness, organizations may need to choose among competing criteria, such as demographic parity and 
equalized odds. The choice should depend on the purpose and context of the system, not simply on which 
measure is easier to calculate (Hardt et al., 2016; Kleinberg et al., 2017).  
 
Accuracy should be tested using data that properly represents the people and situations involved. Suitable 
measures should be used, including calibration when it is important for the decision being made. For 
explainability, it is not enough for an AI system to produce a technical explanation. The explanation 
should also be understandable to the people who use it, such as recruiters and, when appropriate, job 
applicants. 
 

Uncertainty should also be reported when the available data allows it. This can include confidence or 
uncertainty intervals and clear information about the limitations of the data. These limitations may include 
missing or unreliable group information, small or unrepresentative samples, poor data quality, 
measurement errors, and assumptions made during the analysis. 
 
Therefore, operationalization does not assume that one metric fully captures a concept such as fairness or 
accuracy. Instead, it makes clear what the chosen measure can show, what it cannot show, and how much 
confidence can be placed in the results. 
 

Trade-off Management  
For example, increasing a fairness threshold in AI system may reduce predictive accuracy. Research also  
demonstrate that several commonly desired fairness criteria cannot simultaneously be satisfied under 
certain conditions when group base rates differ (Kleinberg et al., 2017; Chouldechova, 2017). Similarly, 
providing richer explanations may reveal personal or sensitive information and therefore create tension 
with privacy. Conversely, limiting access to information about protected groups may help protect privacy 
but can make it harder to identify and monitor unfair outcomes. 
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Stakeholders should be involved when these trade-offs are considered. Their views can help determine 
whether a particular balance is reasonable, especially when the effects of a decision may place a greater 
burden on some groups than others. 
 

The organization should record the final decision clearly. This record should state which objectives were 
given greater importance, the acceptable performance levels for the selected measures, the remaining 
risks, and the reasons behind the decision. The person responsible for the decision and the relevant 
governance body should formally approve it. This documentation can then be used for future audits, 
reviews, monitoring, and accountability. 
 

The process is iterative rather than strictly linear. Where measurement evidence, stakeholder feedback, or 
governance review reveals that the construct or operationalization is inadequate, the organization may 
return to an earlier stage and revise the construct definition, measurement approach, or decision criteria. 
​
 

DISCUSSION 

 

Findings support the bifurcation between ethical AI and responsible AI as a normative and operational 
layers, conceptualizing the missing links i.e. as a measurement bridge between ethical AI and responsible 
AI. Therefore, successful justification through conceptualizing was given to answer three question i.e. 
What relationship links Ethical AI to Responsible AI? What is AI-ethics measurement, and the reason for 
standardization in this approach has not yet emerged? How can standardization of ethics measurement 
bridge the gap between principle and practice? 
 

Purposive review firstly indicates that the principles-to-practice gap is not only due to insufficient 
regulation but how ethical constructs are defined, operationalized, measured and governed. Secondly, this 
reorients effort away from the production of additional isolated metrics, validation, comparison, and 
contextual calibration of measures. In sum, toward the comparatively neglected work of defining 
contested constructs and modelling trade-offs. Thirdly, it also identifies transparency and explainability 
measurement as a priority frontier, since the deficit there is more fundamental than the surplus in fairness. 
 

For organizations, the framework cautions against treating any single metric as a sufficient demonstration 
of an ethical property and recommends that the choice of measure, and the handling of trade-offs, be 
documented and justified as a governable decision rather than a technical default. For policymakers and 
standards bodies, it clarifies that mandating quantifiable evidence is insufficient unless the validity and 
reliability of the underlying measures and the treatment of inter-principle trade-offs are also addressed; 
otherwise, regulation may incentivize measurement of whatever is convenient rather than of what matters. 
 

Coordinated standardization, pursued as the three linked tasks set out above, is the institutional condition 
under which responsible AI could finally operate the commitments of ethical AI. Existing governance 
instruments illustrate the point: the NIST AI Risk Management Framework organizes risk work into 
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functions that include a distinct measure activity, and ISO/IEC 42001 institutionalizes AI management 
through process requirements (National Institute of Standards and Technology, 2023; International 
Organization for Standardization, 2023). Yet both remain largely procedural, presupposing rather than 
supplying the validated construct definitions and trade-off standards that the three linked tasks are meant 
to build. 
 

 

CONCLUSION AND RECOMMENDATIONS 
 

In conclusion, this paper argues that ethical AI and responsible AI carry a persistent gap which is 
fundamentally a measurement problem, instead of failure of regulation, organizational commitment. 
While ethical AI becomes the base of normative principles, responsible AI demonstrates, assesses and 
governs those principles in practice for AI systems. The literature review of this paper indicates that this 
measurement layer remains fragmented and unstandardized. While fairness is an overabundance of 
competing metrics, transparency and explainability limited evidence of construct validity, reliability, and 
standardized evaluation procedures. In addition, lack of standardized approaches for trade-offs among 
ethical principles limits businesses to implement responsible AI. 
 

The contribution of this paper is to reframe the principles-to-practice gap as a measurement problem and 
to propose the three-task bridge developed in the proposed framework section, without which ethical 
commitments cannot be measured, compared, or governed. 
 

This study carries valuable implications. Theoretically, it extends existing responsible AI literature by 
positioning measurement as the critical mechanism that connects normative ethics with organizational 
governance. Practically, the framework provides researchers, organizations, standards bodies, and 
policymakers with a structured foundation for designing more transparent evaluation processes, 
improving AI audits, and supporting the development of harmonized governance standards. 
 

This study is subject to several limitations. First, it is conceptual in nature and does not empirically 
validate the proposed framework across real-world AI systems. Although an illustrative hypothetical 
operational scenario of an AI system to screen job applicants is mentioned, however in real word scenario 
validation at each stage actor, key activities and stage output are still to be validated through real case 
study. Second, the analysis focuses primarily on fairness, transparency, and explainability, while other 
principles such as privacy, robustness, sustainability, and human oversight warrant similar investigations. 
Finally, because ethical values vary across domains, cultures, and regulatory environments, the proposed 
framework should be interpreted as a flexible foundation rather than a universally applicable 
measurement standard. 
 

Future research should therefore focus on empirically validating the proposed framework across different 
industries and AI applications, developing reliable measurement methods for underexplored principles 
such as transparency and explainability, and establishing standardized approaches for evaluating 
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trade-offs among competing ethical objectives. Collaborative efforts involving researchers, industry, 
standards organizations, and regulators will be essential to developing internationally accepted 
benchmarks and governance mechanisms. 
 

Ultimately, responsible AI cannot be achieved through ethical AI principles alone. Ethical commitments 
become meaningful only when they can be measured, compared, challenged, and continuously improved. 
Advancing standardized and valid measurement practices is therefore a necessary step toward 
transforming ethical aspirations into accountable and trustworthy AI governance. 
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