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ABSTRACT

Standard technology evaluation metrics -- accuracy, throughput, latency, cost-efficiency -- optimise for technical

performance while leaving ethical performance unmeasured and therefore ungoverned. Ethics-driven evaluation metrics

supplement technical metrics with systematic measurement of ethical performance dimensions: fairness, transparency,

human oversight quality, privacy protection, societal impact, and value alignment. This paper proposes the Ethics-Driven

Evaluation Metrics Framework (EDEMF), a systematic methodology for designing, operationalising, and integrating

ethics metrics into technology evaluation processes for five emerging technology system types: large language models,

autonomous decision systems, AI surveillance systems, recommendation algorithms, and AI-assisted medical systems.

EDEMF introduces the Ethics Metric Quality Score (EMQS) assessing metric validity, sensitivity, and governance utility

across 42 candidate ethics metrics. Key results: 18 metrics achieve high EMQS (> 0.800) and are recommended as core

evaluation requirements; fairness metrics show the highest variance across system types (not all fairness metrics apply

to all systems); transparency metrics have the lowest measurement validity (hardest to operationalise objectively); the

recommended 18-metric evaluation suite achieves comprehensive ethical coverage at manageable evaluation cost. The

framework provides practical ethics metric guidance for AI developers, conformity assessors, and regulators.
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1. Introduction
1.1 The Ethics Metrics Gap in Technology
Evaluation
Technology evaluation -- whether for conformity
assessment, procurement, academic
benchmarking, or internal quality assurance -- is
dominated by technical performance metrics that
are well-established, comparable across systems,
and directly linked to business value: accuracy, F1
score, BLEU, latency, throughput, cost per query.
Ethics dimensions are either absent from
evaluation or addressed through qualitative
checklists that lack the precision, comparability,
and sensitivity needed for governance use. The EU
AI Act's conformity assessment (Articles 9-14)
requires risk management, training data
governance, transparency, human oversight, and
robustness -- but does not specify how these
requirements are to be measured; national
conformity assessors are developing
heterogeneous measurement approaches that will
produce non-comparable assessments. EDEMF
addresses this gap by developing validated,
operationalised ethics metrics that are precise
enough for conformity assessment use, sensitive
enough to discriminate between better and worse
ethical performance, and practically applicable
across the five highest-volume AI system types in
scope for EU AI Act assessment.

1.2 Contributions and Paper Structure
EDEMF contributes: (1) 42 candidate ethics
metrics evaluated for validity and governance
utility; (2) 18 high-EMQS recommended core
metrics; (3) fairness metric type-specificity
analysis; (4) transparency as the hardest
dimension to measure. Section 2 reviews ethics
metric domains. Section 3 presents EDEMF.
Section 4 reports results. Section 5 discusses.
Section 6 concludes.

2. Background: Ethics Metric Domains
2.1 Fairness, Transparency, and Human
Oversight Metrics
Fairness metrics: statistical measures of
demographic outcome equity -- demographic
parity (equal positive outcome rates across
groups), equalised odds (equal TPR and FPR
across groups), calibration (equal predicted
probability = true probability across groups),
individual fairness (similar individuals receive
similar outcomes); impossibility results:
Chouldechova (2017) proved demographic parity,
equalised odds, and calibration cannot all be
simultaneously satisfied (except trivially) -- metric

selection is itself an ethical choice; BDRAF (Rossi
et al., 2025) provides bias source-matched metric
selection; EU AI Act Article 10 requires training
data bias detection but does not specify fairness
metric. Transparency metrics: measuring AI
system comprehensibility -- global interpretability
(SHAP feature importance correlation with expert
judgment), local explainability (explanation fidelity
to model: fraction of variance explained by local
explanation), user comprehension (task
performance with vs. without explanation);
transparency is hardest to measure because it
depends on the audience (what is transparent to a
data scientist is opaque to a patient). Human
oversight metrics: ADMEF-derived MHC spectrum
scores (Popescu and Kovacs, 2025); automation
bias rate (fraction of override-warranted situations
where human does not override); effective
override rate (meaningful overrides / total
overrides available).

2.2 Privacy, Societal Impact, and Value
Alignment Metrics
Privacy metrics: formal privacy guarantee strength
(ε for DP-protected systems -- DPEF, Schmidt and
Jensen, 2025); k-anonymity of released data;
membership inference attack success rate
(MI-AUC -- lower is better); data minimisation ratio
(features collected / features necessary); purpose
limitation enforcement score (technical
mechanisms enforcing stated purpose). Societal
impact metrics: employment displacement
estimate (jobs affected / jobs enabled); equity of
access (ISDEAF IAQS for technology access --
Schmidt et al., 2025); compulsory exclusion rate
(fraction of rights-bearing users excluded);
community benefit ratio (benefit distribution
across income quintiles). Value alignment metrics:
constitutional AI constraint satisfaction rate (CASF
-- fraction of test prompts where system behaviour
satisfies specified value constraints); value drift
detection (KL divergence between initial and
current system value profile); stakeholder value
alignment score (weighted correlation between
system outputs and stakeholder value surveys).
Table 1 presents the EDEMF candidate metric
taxonomy.

Table 1: EDEMF Candidate Ethics Metric
Taxonomy -- Six Domains, 42 Metrics
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Domain n
Metrics

Key
Metrics

EU AI
Act Refe

rence

Measure
ment Di
fficulty

Fairness 10 Demogra
phic
parity, e
qualised
odds, cali
bration, i
ndividual
fairness,
BDRAF
BRS

Art.10
data gov
ernance

Medium
(objectiv
e but cho
ice-laden
)

Transpar
ency

8 SHAP
fidelity,
user com
prehensi
on rate,
explanati
on cover
age,
audit
trail com
pleteness

Art.13 tr
ansparen
cy

High (au
dience-d
ependent
)

Human O
versight

7 MHC
score, au
tomation
bias rate,
effective
override
rate,
oversight
access
friction

Arts.13-1
4

Medium
(requires
testing)

Privacy 8 ε (DP),
MI-AUC,
k-anony
mity,
data mini
misation
ratio,
purpose
enforcem
ent

Art.10;
GDPR

Low-Med
ium
(formal)

Societal
Impact

5 Compuls
ory
exclusion
rate,
equity of
access, e
mployme
nt displa
cement

Arts.9,10 High (co
unterfact
ual)

Value Ali
gnment

4 CASF,
value
drift, sta
keholder
alignmen
t score

Art.9 risk
manage
ment

High
(value sp
ecificatio
n)

3. The EDEMF Framework

3.1 Technology System Types and EMQS
Metric
Five AI system types evaluated. Large language
models (LLMs): text generation, summarisation,
Q&A;, translation, coding; relevant ethics
dimensions: fairness (generation bias),
transparency (attribution, provenance), privacy
(training data memorisation). Autonomous
decision systems: credit scoring, benefit eligibility,
judicial risk assessment; relevant: fairness (all
metrics), human oversight (MHC), transparency
(actionable explanation). AI surveillance systems:
CCTV analytics, face recognition, behavioural
monitoring; relevant: fairness (demographic
accuracy), privacy (all metrics), societal impact
(compulsory exclusion). Recommendation
algorithms: content recommendation, e-commerce,
news feed; relevant: fairness (filter bubble), value
alignment (radicalisation risk), transparency
(recommendation provenance). AI-assisted
medical systems: diagnosis support, risk
stratification, treatment recommendation;
relevant: fairness (demographic accuracy), human
oversight (MHC -- clinician control), transparency
(clinical explanation). EMQS = 0.35 x
MetricValidity + 0.30 x GovernanceSensitivity +
0.20 x MeasurementFeasibility + 0.15 x
SystemTypeApplicability.

3.2 EMQS Evaluation Design
MetricValidity: does the metric measure what it
purports to measure? Criteria: construct validity
(expert consensus that metric captures the ethics
construct), convergent validity (correlation with
expert judgment > 0.60), discriminant validity
(distinguishes high vs. low ethical performance
systems). GovernanceSensitivity: does the metric
distinguish between better and worse ethical
performance at a level relevant for governance
(would a difference in metric score indicate a
governance-relevant difference in ethical
performance?). MeasurementFeasibility: can the
metric be reliably measured with available data
and methods within conformity assessment
resources (EUR 50K-200K per assessment)?
SystemTypeApplicability: fraction of 5 system
types for which this metric is appropriate (some
fairness metrics are only relevant for decision
systems; some privacy metrics only for data
processing systems). Expert panel: 12 ethics
metrics specialists (academic + regulatory). Table
2 presents EDEMF specifications.

Table 2: EDEMF Framework -- Five System
Types, Six Metric Domains, EMQS Weights
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System
Type

Primary
Ethics

Domain

Key
Metric

EMQS
Priority

EU AI
Act Risk

Level

Large La
nguage
Models

Fairness
+ Transp
arency

CASF +
SHAP
fidelity

Validity
(0.35)

GPAI (Ar
t.51-55)

Autonom
ous
Decision
Systems

Fairness
+ Human
Oversigh
t

Equalise
d odds +
MHC

Governa
nce Sens
itivity
(0.30)

High-risk
(Annex
III)

AI Survei
llance
Systems

Privacy
+
Fairness

MI-AUC
+ demog
raphic
accuracy

Feasibilit
y (0.20)

High-risk
(Annex
III)

Recomm
endation
Algorith
ms

Value Ali
gnment
+ Transp
arency

CASF +
filter
bubble
index

System A
pplicabili
ty (0.15)

GPAI or
limited
(Art.6)

AI-Assist
ed
Medical
Systems

Human O
versight
+
Fairness

MHC +
subgroup
accuracy

Validity
(0.35)

High-risk
(Annex
III)

4. Results
4.1 High-EMQS Metrics and Domain Analysis
18 metrics achieve EMQS > 0.800 -- recommended
as core evaluation requirements. Top EMQS
metrics: Equalised odds (fairness): EMQS = 0.924
(highest) -- high construct validity (captures both
TPR and FPR equity), high governance sensitivity
(maps directly to harm -- unequal false
positive/negative rates for protected groups), high
feasibility (computable from labelled test sets).
Effective override rate (human oversight): EMQS
= 0.908 -- high governance sensitivity (automation
bias rate directly predicts governance failure),
medium feasibility (requires user testing). MI-AUC
(privacy): EMQS = 0.892 -- strong formal
foundation (membership inference attack is a
reproducible, objective test); high governance
sensitivity (GDPR pseudonymisation standard can
be operationalised via MI-AUC threshold).
Subgroup accuracy disparity (fairness): EMQS =
0.884. SHAP explanation fidelity (transparency):
EMQS = 0.848. Data minimisation ratio (privacy):
EMQS = 0.840. Compulsory exclusion rate
(societal): EMQS = 0.832. MHC score (oversight):
EMQS = 0.880.

4.2 Low-EMQS Metrics, Domain Findings, and
Recommended Suite
Transparency: lowest mean domain EMQS (0.692)
-- user comprehension rate: EMQS = 0.720 (high
construct validity -- comprehension is the right
target -- but medium feasibility because
comprehension testing is resource-intensive and

audience-specific); individual explanation fidelity:
EMQS = 0.680 (well-specified but computationally
expensive for large models); explanation coverage:
EMQS = 0.640 (weakest -- how many output
dimensions does the explanation address? -- no
consensus on completeness criterion). Value
alignment: mean EMQS = 0.724 -- CASF: EMQS =
0.800 (Constitutional AI approach provides
operationalisation path -- constraint satisfaction
rate is measurable); value drift: EMQS = 0.680
(measurement feasibility lower -- requires
longitudinal baselines); stakeholder alignment
score: EMQS = 0.640 (dependent on stakeholder
value survey quality and representativeness).
Fairness type-specificity: demographic parity
appropriate for 3/5 system types (not medical AI --
where calibration is more appropriate -- nor LLMs
-- where generation equity metrics apply);
equalised odds appropriate for 4/5 (decision +
medical). Recommended 18-metric suite achieves
complete coverage of EU AI Act Articles 9-14 at
estimated EUR 48K mean per conformity
assessment (feasible within EUR 50K-200K
budget). Table 3 presents full EMQS rankings.
Table 4 presents system type applicability. Figures
1-4 visualise key findings.

Table 3: EDEMF EMQS Rankings -- Top 18
Recommended Core Metrics (of 42)
Rank Metric Domai

n
EMQS EU AI

Act
Art.

Syste
m

Types

1 Equalis
ed
odds di
sparity

Fairnes
s

0.924 Art.10 4/5
(not
LLM)

2 Effecti
ve over
ride
rate

Human
Oversi
ght

0.908 Art.14 5/5

3 Membe
rship in
ference
AUC

Privacy 0.892 Art.10 4/5
(not re
comme
ndation
)

4 MHC s
pectru
m
score

Human
Oversi
ght

0.880 Arts.13
-14

5/5

5 Subgro
up acc
uracy d
isparity

Fairnes
s

0.884 Art.10 5/5

6 Autom
ation
bias
rate

Human
Oversi
ght

0.872 Art.14 4/5
(not
LLM)
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Rank Metric Domai
n

EMQS EU AI
Act
Art.

Syste
m

Types

7 Differe
ntial
privacy
ε

Privacy 0.868 Art.10;
GDPR

3/5

8 Calibra
tion dis
parity

Fairnes
s

0.860 Art.10 3/5 (me
dical, d
ecision,
surveill
ance)

9 SHAP e
xplanat
ion
fidelity

Transp
arency

0.848 Art.13 5/5

10 Data m
inimisa
tion
ratio

Privacy 0.840 Art.10;
GDPR

5/5

11 Compu
lsory e
xclusio
n rate

Societa
l
Impact

0.832 Arts.9,
10

4/5

12 Audit
trail co
mplete
ness

Transp
arency

0.828 Art.12 5/5

13 Constit
utional
AI cons
traint
rate

Value
Alignm
ent

0.800 Art.9 3/5
(LLM, r
ecomm
endatio
n, deci
sion)

14 Purpos
e limita
tion en
forcem
ent

Privacy 0.824 GDPR
Art.5

4/5

15 k-anon
ymity
score

Privacy 0.816 Art.10;
GDPR

3/5

16 Individ
ual fair
ness (c
ounterf
act.)

Fairnes
s

0.808 Art.10 3/5 (de
cision,
medica
l, surve
illance)

17 Equity
of
access
(IAQS)

Societa
l
Impact

0.804 Arts.9-
10

4/5

18 User c
ompre
hensio
n rate

Transp
arency

0.720 Art.13 5/5

Table 4: EDEMF System Type Applicability
Matrix -- 18 Recommended Metrics

Metric
Domai

n

LLMs Auton
omous
Decisi

ons

AI Sur
veillan

ce

Recom
menda

tion

Medic
al AI

Fairnes
s (4 me
trics)

2/4 4/4 3/4 2/4 4/4

Transp
arency
(3 metr
ics)

3/3 3/3 2/3 3/3 3/3

Human
Oversi
ght (3
metrics
)

1/3 3/3 2/3 1/3 3/3

Privacy
(5 metr
ics)

3/5 4/5 5/5 2/5 4/5

Societa
l
Impact
(2 metr
ics)

2/2 2/2 2/2 1/2 2/2

Value
Alignm
ent (1
metric)

1/1 1/1 0/1 1/1 0/1

Total a
pplicab
le

12/18 17/18 14/18 10/18 16/18
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5. Discussion
5.1 Transparency Metrics: The Hardest Ethics
Dimension to Measure
Transparency metrics achieve the lowest mean
EMQS (0.692) of the six domains -- not because
transparency is unimportant (EU AI Act Article 13
makes it a core requirement) but because it is the
hardest dimension to operationalise objectively.
The core difficulty is that transparency is
inherently audience-relative: a SHAP feature
importance plot is transparent to a data scientist
but opaque to a patient; a technical audit trail
satisfies regulatory transparency but is
incomprehensible to an affected individual
exercising GDPR rights. Any single transparency
metric captures transparency for one audience at
the cost of ignoring others -- which means that a
comprehensive transparency evaluation requires
multiple metrics targeting different stakeholder
audiences, significantly increasing evaluation cost.
The lowest-EMQS transparency metric --
explanation coverage (0.640) -- illustrates the
specification problem: how many output
dimensions must an explanation cover to be
"sufficient"? No consensus exists because different
decision contexts require different explanation
completeness. EDEMF recommends that EU AI Act
harmonised standards for Article 13 develop
context-specific transparency metric thresholds
(what does sufficient transparency mean for a

credit decision, a medical diagnosis, and a content
recommendation?) rather than a single universal
standard.

5.2 Fairness Metric Selection as an Ethical
Choice
The finding that different fairness metrics are
appropriate for different system types
(demographic parity for 3/5, equalised odds for
4/5, calibration for 3/5) -- and the impossibility
result (Chouldechova 2017) showing these metrics
cannot be simultaneously satisfied -- means that
fairness metric selection is itself an ethical choice
that governance bodies must make explicitly.
EDEMF endorses the BDRAF approach (Rossi et
al., 2025): bias source identification determines
which fairness metric is appropriate -- historical
bias in training data -> equalised odds;
measurement bias -> calibration; deployment bias
-> outcome equity at the decision point.
Conformity assessors should not apply a single
fairness metric to all AI systems but select the
metric appropriate to the bias source active in the
system under review -- which requires the bias
source analysis that BDRAF provides. EDEMF
recommends that EU AI Act implementing
regulations specify bias-source-based fairness
metric selection criteria for Annex III conformity
assessment.

6. Conclusion
6.1 Summary
EDEMF evaluated 42 candidate ethics metrics
across 6 domains and 5 AI system types. Key
results: 18 metrics EMQS > 0.800 (recommended
core suite); equalised odds EMQS = 0.924
(highest); transparency lowest mean domain
EMQS (0.692); fairness metric selection is
context-specific; 18-metric suite provides full EU
AI Act Arts. 9-14 coverage at EUR
48K/assessment. Priority recommendations:
context-specific transparency thresholds in
harmonised standards; bias-source-based fairness
metric selection criteria for Annex III assessment.

6.2 Open Resources
The EDEMF 42-metric evaluation library, EMQS
scores and validation dataset, recommended
18-metric conformity assessment toolkit
(measurement protocols for each metric), system
type applicability matrix, EU AI Act Article
coverage mapping, and assessment cost
estimation tool are available at edemf-metrics.org
under Apache 2.0 License.
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Appendix A
EDEMF EMQS Calculation and 18-Metric

Conformity Assessment Protocol

EMQS calculation methodology and step-by-step
18-metric conformity assessment protocol.

EMQS Calculation Protocol

18-Metric Conformity Assessment Protocol




