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Abstract

AI systems generate ethical tensions that cannot be addressed through principle-based
guidance alone. This paper brings forward an Integrated Axiology–MCDA Framework for
AI ethics that distinguishes intrinsic, instrumental, and relational values and uses multi-
criteria analysis to operationalize value pluralism in practice. The framework structures
ethical evaluation by making value commitments explicit, enabling transparent examina-
tion of trade-offs, and supporting context-sensitive judgment. A healthcare hyper-scenario
with sensitivity analysis shows how different weight configurations influence the relative
acceptability of diagnostic systems and clarifies the thresholds at which accuracy consid-
erations outweigh privacy or fairness. Cross-domain applications in education, criminal
justice, and finance further illustrate how domain-specific value tensions require distinct
criteria sets and weighting structures. The analysis shows that ethical challenges in AI
arise from genuine value pluralism. Explicit value classification enables more accountable
decision making across the AI lifecycle.

Keywords: AI ethics; axiology; value pluralism; relational values; multi-criteria decision
analysis; sensitivity analysis

1. Introduction
Artificial intelligence has moved from a future possibility to an established part of

contemporary life. The rapid spread of AI systems across multiple sectors has raised urgent
questions about ethics, governance, and the role of human values. Although AI ethics
frameworks articulate principles such as fairness, transparency, accountability, and dignity,
the practical implementation often exposes tensions and conflicts that cannot be resolved
at the level of principles alone [1–4]. These challenges become apparent when applied in
domain-specific practice. In healthcare, expanding data access may improve predictive
performance while simultaneously increasing privacy exposure and governance burdens [5].
In policing and public safety, predictive systems can be framed as efficiency-enhancing, but
they may entrench historically uneven patterns of surveillance and enforcement [6]. Similar
tensions appears in other contexts as well: efficiency may clash with human oversight,
rapid automation can undermine procedural fairness, and requirements for openness may
conflict with proprietary interests [7,8].

Established ethical traditions remain essential, but each introduces blind spots when
applied independently to complex AI governance contexts. Deontological theories specify
non-negotiable duties; however, such duties can conflict and prove difficult to harmonize in
practice [9]. Utilitarian approaches enable assessment of aggregate outcomes, though they
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risk providing inadequate safeguards for vulnerable or minority groups [10]. Virtue ethics
emphasizes moral character, judgment, and practical wisdom, but offers limited procedural
guidance for institutional structures or technical system design [11]. In line with broader
critiques of AI ethics guidance, these limitations indicate that lists of principles alone do
not constitute a sufficient method for managing the conflicts that arise during real-world
deployment [12].

To address this problem, this paper proposes an Integrated Axiology–MCDA Frame-
work for AI ethics and examines its application through Multi-Criteria Decision Analysis
(MCDA). In this paper, axiology refers to the philosophical study of values and, more
specifically, to the systematic identification, classification, and justification of the values that
should guide AI design, deployment, and governance. Value pluralism refers to the view
that several legitimate values may matter at the same time, that these values cannot always
be reduced to a single master value or common metric, and that conflicts among them may
require contextual judgment rather than purely technical optimization. MCDA is used here
as a structured method for comparing alternatives across multiple criteria while making
the underlying value assumptions and trade-offs explicit. The framework distinguishes in-
trinsic values: dignity, justice, and autonomy; instrumental values: performance, efficiency,
and scalability; and relational values: trust, accountability, and intelligibility. By explicitly
structuring these value dimensions, the approach supports plural normative perspectives,
transparent trade-off analysis, and stakeholder-oriented deliberation in context-specific
governance processes [13,14].

The framework is evaluated through philosophical analysis, MCDA modelling, sensi-
tivity testing, and applications across multiple societal domains. The analysis shows how
different value configurations influence outcomes in fields including healthcare, educa-
tion, criminal justice, and finance. The concluding section evaluates the methodological
strengths and limitations of the approach and identifies implications for future research
and practice in AI governance. The framework does not aim to resolve value conflicts
through calculation. Instead, it provides a structured way to make such conflicts explicit,
to support deliberation, and to clarify the consequences of different value commitments.

2. Philosophical Foundations of Axiology
The philosophical study of values has a long history. Axiology emerged as a distinct

field in the early twentieth century [15,16]. This section reviews major developments in
axiological theory and outlines their significance for AI ethics.

2.1. Classical Foundations: Moore and Ross

G. E. Moore’s Principia Ethica (1903) introduced several foundational ideas that con-
tinue to shape modern axiology. Moore argued that the concept of good is simple, unanalyz-
able, and cannot be reduced to any natural properties. Its nature is grasped through rational
intuition rather than empirical observation [17]. He distinguished intrinsic goods, which
possess value in themselves, from instrumental goods, which derive value from the ends
they promote. To assess intrinsic value, Moore proposed the isolation test, which considers
whether something would remain valuable if it existed entirely on its own, independent of
any consequences. On this basis, he concluded that certain forms of conscious experience,
such as aesthetic appreciation and personal affection, have intrinsic value.

Moore’s position was later refined by W. D. Ross, who developed a pluralist theory of
moral duties. Ross maintained that human agents are guided by several prima facie duties,
which include fidelity, reparation, gratitude, justice, beneficence, self-improvement, and
non-maleficence [18]. These duties can conflict, and no single principle can determine their
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priority in all circumstances. Judgment is therefore required to decide which duty is most
important in a given situation.

Ross’s pluralist view of morality helps explain key challenges in the ethics of artificial
intelligence. Because he argues that several moral values matter at the same time, conflicts
between them are unavoidable. AI systems show this clearly: they often create tensions
between privacy and security, autonomy and welfare, or innovation and precaution. From
an axiological perspective, these tensions do not result from poor system design but from
the basic fact that important values sometimes collide. Ross’s position therefore suggests
that such conflicts cannot be fully removed. Instead, they must be handled through careful
judgment in each specific case.

2.2. Contemporary Value Pluralism

Value pluralism is a major position within axiology. Later developments in value
theory further expanded the foundations of pluralist axiology. Isaiah Berlin argued that
many central human values are both incommensurable and sometimes incompatible [19].
Berlin also emphasized that some value conflicts are tragic in the sense that they cannot
be resolved without genuine loss, even when all competing values are fully legitimate.
Values are incommensurable when they cannot be measured on a shared scale, and they
are incompatible when the realization of one necessarily restricts the realization of another.
Berlin used the relation between liberty and equality to illustrate this point and rejected the
idea that all values can be derived from a single overarching principle.

Joseph Raz extended this analysis by distinguishing between incommensurability
and incomparability [20]. According to Raz, values may lack a common measure but still
allow for rough or partial comparisons. He also emphasized that incommensurability
does not guarantee comparability; it only means that the absence of a shared scale does
not by itself rule out the possibility of rational comparison. Ruth Chang developed this
line of thought through the concept of values being on a par, meaning that two options
may be roughly comparable without being precisely equal, better, or worse [21]. When
values stand in this relation, rational choice requires judgment that cannot be reduced to
mechanical calculation.

Martha Nussbaum’s capabilities approach offers another influential form of pluralistic
value theory [22,23]. She identifies several central human capabilities, including bodily
integrity, practical reason, affiliation, and control over one’s environment. These capabili-
ties are distinct and only partly substitutable. She also argues that each capability must
reach a minimum threshold for a society to count as just. A society that develops some
capabilities while neglecting others therefore cannot be said to support human flourishing
in a comprehensive or equitable way.

These contemporary theories underline several points of particular relevance for AI
ethics. Conflicts between values in the development and use of AI systems often reflect
genuine tensions in human value frameworks rather than technical failures. Ethical evalua-
tion therefore requires contextual reasoning that takes into account specific institutional
and social settings. Moreover, different communities can reasonably prioritize values in
different ways, suggesting that the ethical governance of AI must remain sensitive to cul-
tural and political variation. This introduces a methodological tension for any operational
framework: if values are incommensurable, then any formal aggregation risks oversimplifi-
cation. The present approach does not eliminate this tension but makes it explicit, using
formal structure to support, rather than replace, context-sensitive judgment.
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2.3. Axiology and AI Ethics

Axiology offers a structured way to understand the values that shape AI systems and
addresses several limitations of principle-based ethical frameworks. Existing AI ethics
guidelines often group concerns under principles such as fairness, accountability, trans-
parency, and privacy [24,25]. Although these principles are valuable, they often provide
limited clarification of how they relate to one another, leave underlying value assumptions
unstated, and offer only partial guidance for managing conflicts when principles pull in
different directions [1,26].

An axiological approach responds by shifting attention from enumerated principles
to the value commitments that support them. This perspective recognizes that values are
plural and sometimes in tension, and that such tensions cannot be resolved through techni-
cal solutions alone. Ethical evaluation therefore requires processes in which stakeholders
identify and justify the values at stake and consider how those values should be interpreted
within specific contexts. This approach makes the basis of disagreement more transparent
and supports more careful reasoning about trade-offs.

Within this framework, methods such as Multi-Criteria Decision Analysis (MCDA)
can provide formal support for structured deliberation. While some forms of MCDA
aggregate values into composite measures, its primary contribution lies in organizing
diverse criteria, making value assumptions explicit, and clarifying their implications for
decision making [27,28]. An axiological foundation therefore enables more transparent
and context-sensitive governance by linking ethical evaluation to explicit and accountable
value commitments.

2.4. A Tripartite Classification of Values for AI Ethics

Building on the axiological foundations outlined above, values relevant to AI ethics
can be organized into three categories: intrinsic, instrumental, and relational values. The
specific values listed under each category were selected through three criteria: their recur-
rence in established AI ethics and governance literature, their fit with the normative role
assigned to each value type, and their practical relevance across the domains examined in
this paper. This classification helps clarify the different roles that values play across the
AI lifecycle, from design and development to deployment, monitoring, and governance.
The categories are analytically distinct, but they are not always mutually exclusive. Some
values, such as explainability or transparency, may operate across categories depending on
how they are interpreted. The framework should therefore be understood as a heuristic for
analysis rather than a rigid taxonomy. The following subsections explain how each value
type functions within the framework.

2.4.1. Intrinsic Values

Intrinsic values are those that should be respected for their own sake. In AI contexts, central
intrinsic values include dignity, justice, autonomy, and privacy. These values function mainly
as moral constraints, setting limits on what may be pursued in the name of efficiency or other
collective goals. They reflect the idea that people must be treated as ends in themselves rather
than merely as means [29]. Intrinsic values, therefore, define the basic normative boundaries for
how AI systems should be designed, implemented, and used. For this reason, intrinsic values
are not treated as optional preferences in the MCDA process and cannot be assigned a weight
of zero; alternatives that violate minimum intrinsic-value constraints should be excluded or
reconsidered before ordinary aggregation is applied.
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2.4.2. Instrumental Values

Instrumental values concern the effectiveness of means in achieving ethically justified
aims. In AI systems, key instrumental values include accuracy, efficiency, reliability, and
scalability. These values matter for system performance, but their ethical importance
depends on the purposes they serve and on whether they remain consistent with intrinsic
constraints. Instrumental values can support intrinsic values, for example when accurate
medical diagnosis contributes to fairness in clinical decision making and improves patient
outcomes. However, they may also conflict with intrinsic or relational values, such as when
efficiency compromises privacy or accountability. Making these relationships explicit helps
ensure that technical optimization does not override broader ethical commitments.

2.4.3. Relational Values

The concept of relational values has been developed primarily within environmental
ethics. It refers to values that arise from relationships between people, communities,
and the natural world rather than from intrinsic properties or instrumental use [30–33].
This perspective extends traditional value theory by highlighting the importance of social
context, shared practices, and collective meanings. It also emphasizes that values may be
grounded in relationships of care, responsibility, and interdependence rather than solely in
individual preferences or ecological functions. Relational values are dynamic and context-
dependent, shaped through ongoing engagement and changing with the relationships in
which they are embedded.

In applying this idea beyond environmental contexts, relational values can also be
understood within sociotechnical systems such as AI. Relational values arise from the
interactions between individuals, institutions, and AI systems. Examples include trust,
accountability, transparency, and meaningful participation. These values are not captured
solely by intrinsic rights or by performance metrics. Instead, they describe the social and
institutional conditions under which AI systems are viewed as legitimate and aligned with
the interests of affected stakeholders [34,35].

This interpretation is consistent with work on relational autonomy and trust [36,37],
which similarly understand values as emerging within social relationships rather than
residing solely in individuals or technical artefacts. It is also aligned with approaches
such as value-sensitive design, which emphasize the importance of social context and
stakeholder experience in technological systems [38]. Relational values therefore highlight
the role of governance structures, institutional design, and stakeholder engagement in
shaping ethical outcomes. Within the present framework, relational values play a dual role.
They function both as evaluative criteria and as conditions for the legitimacy of the decision
process itself, since trust, accountability, and participation shape how value weights are
assigned and interpreted.

2.4.4. Advantages of the Tripartite Structure

The tripartite structure extends the traditional intrinsic–instrumental distinction by
including values, such as trust and accountability, that do not fall cleanly into either type.
Its main advantage is analytical: it separates values that set moral boundaries, values that
support effective action, and values that sustain legitimate sociotechnical relationships.
This distinction clarifies how value priorities vary across different contexts and points in
the AI lifecycle, while also showing how institutional design supports relational values
and influences ethical outcomes. Table 1 summarizes the tripartite value classification and
provides examples of how each value type can be instantiated across domains.
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Table 1. Tripartite value classification with domain examples.

Value Type Core Examples Domain-Specific Instantiation

Intrinsic Dignity, Justice, Autonomy,
Privacy

Healthcare: Respect for patient autonomy in treatment decisions;
Education: Equal access to learning opportunities;
Criminal justice: Protection of due process rights;
Finance: Fair access to financial services

Instrumental Accuracy, Efficiency, Reliability,
Scalability

Healthcare: Diagnostic accuracy and cost-effectiveness;
Education: Improvement of learning outcomes;
Criminal justice: Predictive accuracy in risk assessment;
Finance: Fraud detection and transaction efficiency

Relational Trust, Accountability *, Trans-
parency *, Participation

Healthcare: Trust and coordination among clinicians, patients, and AI systems;
Education: Interaction between teachers, students, and digital platforms;
Criminal justice: Public legitimacy of algorithmic decisions;
Finance: Consumer trust in automated decision systems

Note: Values marked with * may span multiple categories depending on their interpretation and use.

3. Normative Foundations: Responsible AI and Digital Humanism
3.1. Responsible AI: From Principles to Embedded Ethics

Responsible AI has become a central framework for the governance of artificial in-
telligence, expressed in national and supranational guidelines, industry codes of con-
duct, and academic proposals [13,39]. It identifies several properties considered necessary
for ethically acceptable systems, including transparency, accountability, fairness, safety,
and human oversight. The European Union Artificial Intelligence Act (Regulation (EU)
2024/1689) is currently the most comprehensive regulatory instrument and implements
these commitments through risk-based classification, conformity assessment procedures,
and documentation requirements for high-risk applications [40].

Despite these developments, Responsible AI faces a well-documented gap between
principles and practice [3,4,12,26]. The high-level formulation of principles allows broad
support but provides limited guidance when concrete conflicts arise. Situations in which
transparency conflicts with privacy, or in which fairness across different demographic
groups cannot all be satisfied simultaneously, illustrate the limits of relying on principles
alone [41]. The ethics-by-design agenda [42] seeks to integrate ethical reasoning into
development processes, but it requires more precise methodological tools than most existing
frameworks supply.

The present framework addresses this need by grounding Responsible AI in axiol-
ogy and supporting practical reasoning through multi-criteria decision analysis (MCDA).
Axiology clarifies the values to which stakeholders are committed, and MCDA provides
a structure for examining how these commitments should guide specific decisions. This
approach does not replace principles; instead, it translates them into a process that makes
value assumptions explicit and enables transparent, revisable judgment.

3.2. Digital Humanism: Technology in Service of Human Flourishing

Digital Humanism provides a complementary normative orientation, framing AI in
relation to human dignity, autonomy, and democratic participation. The Vienna Manifesto
on Digital Humanism (2019) calls for digital technologies to support human flourishing
rather than reducing persons to data points in automated processes [43]. This perspec-
tive draws on a broad intellectual tradition, including critical accounts of technological
rationality [44], theories of communicative agency [45], and philosophical accounts of
human self-determination [46].

Digital Humanism contributes to the axiological framework in several ways. It main-
tains that the identification of values for AI governance cannot be left solely to technical

https://doi.org/10.3390/philosophies11030093

https://doi.org/10.3390/philosophies11030093


Philosophies 2026, 11, 93 7 of 17

experts and requires deliberation among those affected by these systems. This supports a
participatory approach to assigning value weights within MCDA. Digital Humanism also
rejects the notion that AI systems can be value-neutral [44,46], reinforcing the view that
value classification and weighting must be explicit and justified. Its emphasis on human
dignity as an inviolable constraint aligns with the axiological treatment of intrinsic values
as non-negotiable moral limits. Together, these points strengthen the normative foundation
for ethical AI governance.

3.3. Ethical Pluralism as the Integrating Principle

Axiology, Responsible AI, and Digital Humanism all share a commitment to ethical
pluralism. Ethical pluralism holds that several values, each important in their own right,
must be considered when evaluating AI systems. This reflects the fact that these systems
operate in complex moral environments.

Ethical monism, by contrast, assumes that a single value or principle can solve all
moral problems. Although simple, this view does not work in practice. It risks overlooking
values important to less powerful groups and ignores the reality that legitimate values
often conflict [19]. Ethical pluralism recognizes these conflicts and treats them as real ethical
challenges that must be addressed rather than removed.

For a framework grounded in axiology, the key task is to create structured and trans-
parent ways to deliberate among competing values in a manner that is legitimate and open
to democratic oversight. Combining axiological analysis with MCDA supports this task
by making value commitments explicit and enabling reasoned comparison across them.
These perspectives provide the normative content that the Axiology–MCDA Framework
operationalizes: axiology clarifies what values are at stake, Responsible AI identifies gover-
nance expectations, and Digital Humanism situates these within a broader commitment to
human-centered technological development.

4. The Integrated Axiology–MCDA Framework
The Integrated Axiology–MCDA Framework connects philosophical analysis of value

with the formal tools of Multi-Criteria Decision Analysis (MCDA). By combining the tripar-
tite value classification with a structured decision method, the framework operationalizes
value pluralism in a transparent and systematic way. It is designed as a deliberative cy-
cle that supports ethical evaluation across the entire AI lifecycle, from initial design to
deployment, monitoring, and eventual decommissioning.

4.1. Architectural Components and Normative Foundations

The framework consists of four connected components:

1. Normative foundation: This draws on axiology for a theory of value, on Responsible
AI for governance principles, and on Digital Humanism for commitments to human
agency and democratic participation. It defines the ethical space in which trade-offs
are evaluated.

2. Value classification: As outlined in Section 2.4, values are grouped into intrinsic,
instrumental, and relational categories. This taxonomy provides a shared vocabulary
for deliberation and helps prevent the flattening of values into a single dimension.

3. MCDA operational method: MCDA offers the structure needed to compare alterna-
tives across multiple criteria. Alternatives A = {A1, . . . , Am} are evaluated across
criteria C = {C1, . . . , Cn} using a performance matrix.

4. Ethical outcome and review: The ranking of alternatives is documented as an ethics
audit trail and is used for iterative refinement as systems are deployed and new
evidence emerges.
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4.2. Axiological Adaptation of MCDA

Ethical evaluation requires adapting standard MCDA practices:

• Intrinsic constraints: Intrinsic values such as dignity and justice function as normative
constraints rather than ordinary criteria. They define admissible regions of the decision
space and may be implemented through threshold conditions, lexicographic ordering,
or exclusion of alternatives that violate these constraints prior to aggregation.

• Ordinal evaluation: Many ethical considerations do not admit precise numerical
measurement. Ordinal scoring (for example, 1 to 5) is used to reflect qualitative
judgments from experts and stakeholders.

• Context sensitivity: Value priorities vary across domains. For this reason, the frame-
work does not seek a universal set of weights but evaluates each context separately.

4.3. Formal Structure

The weighted-sum model is selected not for mathematical completeness but for trans-
parency and accessibility in participatory contexts, where interpretability is essential for
stakeholder deliberation. The overall score for an alternative Ai is:

S(Ai) =
n

∑
j=1

wjxij, (1)

subject to:
n

∑
j=1

wj = 1, wj > 0 for intrinsic criteria. (2)

The aggregation model applies within the space of ethically admissible alternatives
defined by intrinsic constraints.

In this formula, S(Ai) denotes the aggregate score assigned to alternative Ai;
wj denotes the weight assigned to criterion Cj; and xij denotes the score or performance of
alternative Ai on criterion Cj. The condition ∑n

j=1 wj = 1 normalizes all criterion weights,
while wj > 0 for intrinsic criteria expresses the assumption that intrinsic values cannot be
ignored or weighted to zero when they define ethical admissibility.

Other methods, such as the Analytic Hierarchy Process or outranking approaches [47,48],
offer more sophisticated formal tools than a simple weighted-sum model, but may be less
accessible for broad stakeholder deliberation.

4.4. Methodological Procedure

The framework is implemented through a seven-stage process, shown in Figure 1. It is
designed to be iterative: the final stage often leads to refinement of earlier stages as new
evidence or perspectives emerge.

1. Context specification: Define the decision setting, stakeholders, and relevant
AI alternatives.

2. Criteria identification: Identify the intrinsic, instrumental, and relational values rele-
vant to the context.

3. Performance assessment: Score each alternative on each criterion using evidence or
expert judgment.

4. Weight elicitation: Deliberate on the relative importance of each criterion and
assign weights.

5. Scoring and ranking: Aggregate scores using the weighted-sum model.
6. Sensitivity analysis: Test how robust the ranking is to changes in value weights.

Identify tipping points at which preferences shift.
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7. Reasoned judgment: Interpret results, record the ethical reasoning, and consider
whether the process should be repeated with revised assumptions.

Stage 1: Context Specification

Stage 2: Criteria Identification

Stage 3: Performance Assessment

Stage 4: Weight Elicitation

Stage 5: Scoring and Ranking

Stage 6: Sensitivity Analysis

Stage 7: Reasoned Judgment

Stakeholders & AI alternatives

Intrinsic, instrumental, relational

Evidence & expert judgment

Informed deliberation

Compute & rank

Robustness testing

Collective interpretation

Iterative
Refinement

Figure 1. Seven-stage methodological procedure for integrated axiology–MCDA framework.

Sensitivity analysis is central to responsible use of the framework. By examining
how rankings change with shifts in value weights, stakeholders can understand not only
which alternative is preferred, but also why. This supports transparency, accountability,
and defensible decision making across the AI lifecycle.

The role of MCDA in this framework requires clarification. It is not intended to
compute or resolve ethical conflicts. Given the incommensurability of many values, no
algorithmic procedure can determine a single correct outcome. Instead, MCDA provides a
structured representation of value commitments that supports deliberation among stake-
holders by making trade-offs explicit, comparable, and open to justification within specific
sociotechnical contexts. Within this process, different forms of knowledge are integrated.
Expert assessments are essential for evaluating system behavior, feasibility, and potential
impacts, while stakeholders contribute perspectives on value priorities, social context, and
acceptable trade-offs. The framework therefore mediates between technical expertise and
value pluralism rather than privileging a single source of authority.

5. Case Study: AI Diagnostics in Healthcare
5.1. Scenario Description

This section presents a hypothetical case study involving two artificial intelligence
diagnostic systems used in healthcare. The case combines realistic features of clinical
practice with controlled variations designed to make ethical tensions analytically visi-
ble. The aim is not to reproduce empirical conditions, but to illustrate how the axiologi-
cal and Multi-Criteria decision analysis (MCDA) framework supports context-sensitive
ethical evaluation.

• System A: An accuracy-optimized deep learning model trained on extensive patient
data, including genomics, electronic health records, and family history. Its perfor-
mance depends on broad data access and is therefore associated with increased privacy
risk. The training dataset is large but demographically imbalanced, leading to uneven
performance across groups.
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• System B: A privacy-enhancing diagnostic system employing consent-driven data
minimization and differential privacy techniques. Its restricted data access reduces
training richness, lowering accuracy when compared to System A, but it offers stronger
privacy guarantees and more equitable demographic performance.

The evaluation covers five clinical contexts: routine outpatient care, emergency
medicine, pediatrics, geriatric care, and community health. These contexts differ in urgency,
vulnerability, and operational demands, which leads to different priorities among accuracy,
privacy, and fairness for each stakeholder group.

It also involves three stakeholder groups. Each stakeholder group prioritizes different
values depending on the specific clinical context.

• Clinicians prioritize diagnostic accuracy and clinical safety, especially in high-stakes
contexts such as emergency medicine and pediatric critical care.

• Patient advocates emphasize privacy, autonomy, and fairness, particularly in com-
munity health, pediatrics, and geriatric care where vulnerability and equity concerns
are central.

• Public health officials balance accuracy with community trust, especially in routine
outpatient and community health contexts where acceptance of AI systems shapes
effective deployment.

5.2. MCDA Analysis

Three ethical criteria are included in the analysis: Accuracy (Acc), Privacy (Priv), and
Fairness (Fair). Fairness is defined as demographic performance equity, and System B scores
higher because of its more balanced training data. Using a 1–4 performance scale, System A
scores 4 on Accuracy, 2 on Privacy, and 2 on Fairness; System B scores 3, 4, and 4, respectively.

Illustrative stakeholder-informed weight vectors and resulting ethical scores across
clinical contexts are presented in Table 2. For simplicity, relational values (such as clinician
trust and perceived legitimacy) are not modelled as separate criteria here, though they
could be included in more extensive applications.

Table 2. Ethical evaluation of AI diagnostic systems across five clinical contexts.

Clinical Context wAcc/wPriv/wFair S(A) S(B) Preferred

Routine Outpatient Clinic 0.50/0.25/0.25 3.0 3.5 B
Emergency Department 0.70/0.15/0.15 3.4 3.3 A
Community Health 0.30/0.35/0.35 2.6 3.7 B
Paediatric Clinic 0.40/0.30/0.30 2.8 3.6 B
Geriatric Care 0.30/0.35/0.35 2.6 3.7 B

The results reveal a consistent pattern: System B is preferred in four of the five clinical
contexts, where privacy and fairness carry substantial weight. System A is preferred only
in the emergency department, where the weight on accuracy is sufficiently high to offset
System B’s advantages in privacy and fairness. Even in this case, System A’s margin
is narrow (3.4 vs. 3.3), indicating that the result depends on sustaining a large accuracy
differential and could be reversed by modest improvements in System B.

5.3. Sensitivity Analysis

Sensitivity analysis evaluates how the outcome of a decision model changes when the
importance assigned to different values is varied, and is a standard step in multi-criteria
decision analysis for assessing the robustness of rankings [47,49]. Sensitivity analysis
tests how the preferred system changes under variation in value weights. Table 3 reports
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results for four weighting schemes in the outpatient context, varying the weight assigned
to Fairness.

Table 3. Sensitivity analysis: ethical scores under varying weight configurations (outpatient context).

Criteria Set wAcc wPriv wFair S(A)/S(B)

Baseline (Acc/Priv only) 0.50 0.50 — 3.0/3.5 *
Add Fairness (equal) 0.34 0.33 0.33 2.7/3.7 *
Accuracy-prioritised 0.60 0.20 0.20 3.2/3.4 *
Fairness-prioritised 0.20 0.20 0.60 2.4/3.8 *

* Preferred system under each weighting configuration.

System B is preferred in all four weighting schemes, including the accuracy-prioritized
case (wAcc = 0.60). This shows that the preference for System B is robust across balanced,
accuracy-oriented, and fairness-oriented configurations. The point at which System A
becomes preferred lies at approximately wAcc > 0.67, assuming equal weights on Privacy
and Fairness. This threshold is ethically informative: it identifies how strongly accuracy
must be prioritized before its benefits are sufficient to outweigh the privacy and fairness
disadvantages associated with System A.

5.4. Insights and Limitations

This case study illustrates several key features of the Axiology–MCDA Framework:

• Context-sensitivity: No system is superior in all settings; the appropriate choice
depends on clinical context and stakeholder values.

• Value transparency: Explicit weight vectors allow stakeholders to examine their own
priorities and understand the ethical trade-offs involved.

• Decision robustness: Sensitivity analysis reveals the stability of conclusions across
reasonable variations in value weights.

The case study also has limitations. The performance scores are hypothetical rather
than empirically validated; real deployment would require detailed clinical trials and
privacy audits. The weight vectors are illustrative and not derived from stakeholder
deliberation; rigorous applications would require structured value elicitation. Moreover,
the analysis considers only two AI systems; real procurement processes typically involve
multiple alternatives. These limitations suggest a research agenda for empirical validation,
which is outlined in Section 8.

6. Cross-Domain Applications
A key test of the Axiology–MCDA Framework is its ability to support ethical reasoning

across the different domains in which AI systems are now used. This section applies the
framework to education, criminal justice, and finance, showing how domain-specific value
tensions shape criteria selection and how axiological analysis clarifies the ethical priorities
appropriate to each setting. Table 4 summarizes the cross-domain axiological analysis.

Table 4. Cross-domain axiological analysis.

Domain Key Ethical Tensions Dominant Intrinsic Values Primary Instrumental Values

Healthcare Accuracy vs. Privacy Dignity, Autonomy, Beneficence Accuracy, Efficiency

Education Personalization vs. Equity Fairness, Inclusion, Autonomy Accuracy, Scalability

Criminal Justice Efficiency vs. Due Process Justice, Dignity, Non-discrimination Predictive Accuracy, Cost

Finance Profitability vs. Fairness Fairness, Transparency, Trust Efficiency, Scalability
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6.1. Education

AI systems in education are used for adaptive learning, automated essay scoring,
early-warning systems, and admissions screening. The central ethical tension is between
personalization, which relies on detailed individual data, and equity, which seeks to prevent
the reproduction of existing educational inequalities [50]. Empirical studies show that
educational AI tools often perform unevenly across racial, socio-economic, and disability
groups, making fairness and inclusion key intrinsic values in this domain [51]. Autonomy is
also important, since AI-mediated learning environments affect the agency of both teachers
and students.

Applying the Axiology–MCDA Framework in educational contexts requires criteria
that reflect these priorities. Suitable criteria include prediction accuracy, equity across
student groups, strength of data protection, and the degree of teacher agency maintained.
Weighting should reflect institutional missions and student needs: institutions serving
historically marginalized groups should assign relatively high weight to equity, whereas
accuracy and personalization may be given greater emphasis in resource-rich settings,
subject to non-negotiable equity constraints.

6.2. Criminal Justice

Predictive policing, recidivism risk assessment, and bail algorithms illustrate some of
the most ethically contested uses of AI [6]. The core tension here is between efficiency and
justice. Although AI systems can process more information than human judges or officers,
widely used risk tools have been shown to reproduce racial and socio-economic disparities,
raising questions about violations of due process and distributive justice [52].

Within the Axiology–MCDA Framework, justice and dignity function as intrinsic
values that impose strict moral limits: no gain in efficiency can justify a system that
systematically disadvantages particular groups. This reflects the tripartite value structure,
in which intrinsic values cannot be weighted to zero. Within this constraint, MCDA can
still guide deliberation about permissible trade-offs, such as balancing different dimensions
of accuracy or determining appropriate levels of human oversight.

6.3. Finance

AI systems in finance, which include credit scoring, fraud detection, algorithmic
trading, and insurance pricing, operate under strong incentives to maximize efficiency and
profitability [53]. These pressures create ethical tensions with fairness, transparency, and
accountability. Opaque credit scoring models may prevent individuals from understanding
or contesting decisions that affect their financial inclusion. Algorithmic trading systems
can amplify market instability, and insurance pricing models risk indirect discrimination
through proxies for protected characteristics.

In this domain, the Axiology–MCDA Framework highlights a tension between rela-
tional values, especially trust and accountability that depend on transparency, and instru-
mental values such as efficiency and competitive advantage. Transparency is not only an
instrumental good; it is also a relational value that supports the legitimacy of financial
markets. Without sufficient transparency, trust erodes and the social conditions that enable
markets to function are weakened. This axiological analysis therefore supports regulatory
requirements for algorithmic explainability and offers a normative justification for such
requirements that goes beyond arguments based solely on economic efficiency.
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7. Strengths and Limitations
7.1. Strengths of the Framework

The integrated Axiology–MCDA Framework brings several contributions to ethi-
cal AI governance. First of all, it is grounded in philosophy. Rather than relying on
lists of principles assembled for policy or industry purposes, the framework draws on
a substantive tradition that analyzes the nature, structure, and justification of values.
This grounding enables more stable and defensible reasoning about difficult cases than
principle-based approaches.

Another strength is its sensitivity to context. Ethical priorities differ across domains,
culture, institutional settings, and stakeholder groups. This framework accommodates the
variation without assuming that a single ranking of values applies universally. By structur-
ing deliberation around specific contexts, it reflects the plural and contested character of
real-world ethical decisions.

The framework also enhances transparency. Explicit documentation of criteria,
weights, and the reasoning behind them provides an audit trail that supports accountability
and enables critical review. Such traceability is especially important in high-stakes environ-
ments in which the legitimacy of AI-supported decisions depends on their intelligibility to
affected parties.

In addition, the deliberative structure of the framework fits naturally with participatory
approaches to technology governance. It offers a way for affected communities to express
and justify their value commitments, reinforcing the democratic aims of Digital Humanism
and counteracting the tendency to treat ethics as a purely technical matter.

7.2. Limitations

The framework has several limitations. Weight assignment is inherently subjective,
since different stakeholders may prioritize values differently, and there is no neutral rule
for deciding which weighting is correct. The framework makes these differences visible,
but it cannot remove value disagreement.

There is also a risk of false precision. Numerical scores and thresholds may appear
more exact than they really are, and the results depend on performance estimates and
weights that involve judgment. Users must therefore avoid treating MCDA outputs as
substitutes for genuine ethical reasoning [54].

Criteria selection is another challenge. Values that are easy to quantify, such as accuracy
or efficiency, may unintentionally dominate values that are harder to measure, such as
dignity or trust. Care is needed to ensure that important but less measurable values are
not overlooked.

Applying the full MCDA process can be resource-intensive. It may only be feasible for
high-stakes decisions, which raises questions about how to identify which decisions require
the full procedure and which can rely on simplified approaches. The framework should
also account for the entire AI lifecycle, including hardware and software considerations
from design through decommissioning [55].

Finally, some values may be genuinely incommensurable. The weighted-sum model
assumes that values can be compared on at least an ordinal scale. When this is not the
case—for example, in assessments involving violations of human dignity—the model may
mislead. In situations involving violations of intrinsic values, aggregation may not be
appropriate, and constraint-based exclusion or rights-based reasoning may be required.
In such contexts, alternative MCDA methods that are more robust to incommensurability,
such as outranking approaches, may be more appropriate.
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7.3. Comparison with Alternative Approaches

Placed alongside existing approaches, the Axiology–MCDA Framework occupies an
intermediate position. Principle-based approaches, such as the EU Ethics Guidelines for
Trustworthy AI, offer accessibility and broad agreement but lack the means to address
concrete value conflicts. Computational ethics approaches, including formal logic systems
and algorithmic fairness metrics, provide precision and auditability but struggle with the
pluralism and contextual variation characteristic of real-world ethical issues [56]. Partic-
ipatory design approaches strengthen democratic legitimacy but often lack a structured
method for articulating and comparing value trade-offs. The Axiology–MCDA Framework
brings these strands together: it retains formal structure, incorporates philosophical depth,
and supports inclusive deliberation.

8. Conclusions
This paper has developed an Axiology–MCDA Framework for artificial intelligence

ethics grounded in philosophy. By distinguishing intrinsic, instrumental, and relational
values, and by operationalizing value pluralism through Multi-Criteria analysis, the frame-
work offers a structured method for evaluating AI systems across diverse contexts.

The contributions include a philosophical account of axiology, a tripartite value taxon-
omy, an adaptation of Multi-Criteria analysis for ethical evaluation, a healthcare case study
with sensitivity analysis, cross-domain applications, and a critical appraisal situating the
framework within broader debates in AI governance.

The core insight is that ethical tensions in AI stem from genuine value pluralism
rather than conceptual error. As pluralist theorists note, conflicts between legitimate values
cannot always be resolved by a single overarching principle [19]. Making value commit-
ments explicit through structured analysis supports more deliberative, transparent, and
context-sensitive governance. Since value conflicts cannot be removed through technical
optimization, the framework offers guidance for navigating them in a principled and
accountable way.

Future work can develop the Integrated Axiology–MCDA Framework in several re-
lated directions. Empirical studies in institutional settings—such as healthcare procurement,
educational technology assessment, and AI-assisted judicial processes—would test its prac-
tical utility and perceived legitimacy. Methodological refinement should explore advanced
MCDA techniques, including outranking methods such as ELECTRE and PROMETHEE
and multi-attribute utility approaches suitable for non-linear and incommensurable value
relations. Closer integration with participatory design would help ensure that marginalized
and underrepresented groups are included in value deliberation. Governance procedures
also require refinement to specify how criteria and weights should be revised as systems
evolve. Finally, testing the framework against difficult cases involving incommensurable
values or moral dilemmas would help clarify the limits of axiological analysis and indicate
where supplementary philosophical resources may be needed.

The framework should therefore be understood not as a decision-making algorithm
that produces definitive answers, but as a deliberative support system that enables struc-
tured negotiation under conditions of value pluralism, allowing disagreements to be
articulated, examined, and revised.
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