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Abstract—The rapid proliferation of Al-powered software
tools across high-stakes domains has created an urgent need
for standardized methods to evaluate their fairness,
reliability, and ethical compliance. Existing evaluation
approaches are fragmented: fairness toolkits use inconsistent
metrics, reliability assessments lack cross-tool comparability,
and ethical compliance checks remain largely qualitative.
This paper introduces FairBench, a unified benchmarking
framework providing a structured suite of quantitative
metrics, curated evaluation datasets, and a reproducible
scoring protocol enabling systematic cross-tool comparison
across three dimensions: statistical fairness, predictive
reliability under distributional shift, and ethics principle
alignment. We apply FairBench to evaluate six widely
deployed Al fairness and ethics tools across four benchmark
datasets spanning employment, lending, healthcare, and
criminal justice domains. Results reveal significant
performance divergence across tools on identical datasets, a
reliability-fairness tension that existing tools handle
inconsistently, and no single tool achieving satisfactory
performance across all three benchmark dimensions.
FairBench is released as an open-source framework to
support reproducible evaluation and drive progress in
trustworthy Alware.
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[. INTRODUCTION

Al-powered software tools are now embedded in decision
pipelines that determine access to employment, credit,
healthcare, and liberty. As these systems scale, their potential
for systematic harm — through biased outputs, unreliable
predictions, and ethically non-compliant behavior — has
attracted sustained attention from researchers, regulators, and
civil society. In response, a growing ecosystem of fairness,

reliability, and ethics (FRE) tools has emerged, each offering
its own metrics, interfaces, and evaluation protocols.

Despite this proliferation, the field lacks a shared
benchmarking standard. Developers and deployers of Al
systems face a fragmented landscape in which tool selection
is guided more by organizational familiarity than by rigorous
comparative evidence. A practitioner seeking to evaluate
whether their hiring algorithm satisfies demographic parity
must choose between tools that define and measure parity
differently, apply it to different population subgroups, and
report results in incompatible formats. This fragmentation
undermines  reproducibility,  complicates  regulatory
compliance, and makes it difficult to drive systematic
progress in tool quality.

This paper introduces FairBench, a unified
benchmarking framework for evaluating AI FRE tools.
FairBench makes four primary contributions: (1) a three-
dimensional evaluation schema covering statistical fairness,
distributional reliability, and ethics principle alignment; (2) a
curated benchmark dataset suite spanning four high-stakes
domains; (3) controlled, reproducible evaluation of six
prominent FRE tools; and (4) release of all benchmark
datasets, evaluation code, and scoring protocols as open-
source resources.

The remainder of this paper is structured as follows.
Section II reviews related work. Section III describes
FairBench framework design. Section IV details benchmark
datasets. Section V presents evaluation methodology. Section
Vlreports results. Section VII discusses implications. Section
VI concludes.

II. RELATED WORK

A. Al Fairness Tools and Toolkits

The landscape of Al fairness tooling has grown substantially
since the mid-2010s. IBM's Al Fairness 360 [1] remains the
most comprehensive open-source toolkit, offering over 70



fairness metrics and 11 bias mitigation algorithms. Microsoft
Fairlearn [2] emphasizes post-processing constrained
optimization and integrates with the Azure ML ecosystem.
Google's What-If Tool [3] provides interactive visualization
for fairness exploration but limited programmatic evaluation.
Aequitas [4] targets public policy applications with a bias
audit framework grounded in the fairness tree decision
structure. Themis-ML [5] focuses on discrimination-aware
supervised learning pipelines. LinkedIn's Fairness Toolkit [6]
addresses fairness in large-scale ranking systems.

Despite their individual merits, these tools have not been
systematically compared under controlled conditions. Prior
surveys [7], [8] have catalogued their features but have not
produced reproducible quantitative benchmarks. FairBench
addresses this gap.

B. Reliability and Robustness Evaluation

Reliability in Al systems refers to the consistency of outputs
under distributional shift, adversarial perturbation, and
deployment environment variation. Benchmark efforts in
reliability evaluation have largely originated in the ML
robustness literature [9], [10] rather than applied Alware
evaluation. The intersection of fairness and reliability —
whether tools that perform well on in-distribution data
maintain fairness assessments under distributional shift —
has received limited attention. Kwon et al. [11] demonstrated
that several fairness metrics are highly sensitive to
demographic distribution shifts, but did not evaluate tool-
level reliability.  FairBench  incorporates  explicit
distributional shift protocols into its design.

C. Ethics Benchmarking

Ethics  benchmarking for Al  systems remains
methodologically underdeveloped. Existing frameworks
including the EU Al Act, NIST AI RMF [12], and IEEE
Ethically Aligned Design provide normative guidance but not
quantitative evaluation protocols. Liao et al. [13] proposed a
taxonomy of Al ethics evaluation dimensions, and Mittelstadt
et al. [14] reviewed algorithmic accountability mechanisms,
but neither produced a benchmarking tool. FairBench
operationalizes a subset of ethics principles — transparency,
non-discrimination, and accountability — into measurable
indicators applicable programmatically to existing tools.

III. THE FAIRBENCH FRAMEWORK

A. Design Principles

FairBench was designed according to four guiding principles.
Comprehensiveness: the framework covers the primary
dimensions along which FRE tools differ in quality and
capability. Reproducibility: all evaluation protocols are fully
specified and executable from publicly available code and
data. Comparability: metrics are defined consistently across
tools to support meaningful cross-tool comparison.

Extensibility: the framework is modular, so new tools,
datasets, and metrics can be incorporated without redesigning
the core evaluation pipeline.

B. Three-Dimensional Evaluation Schema

FairBench evaluates tools across three dimensions:

Dimension 1 — Statistical Fairness (SF): measures the
accuracy and consistency with which tools detect and
quantify demographic disparities in model outputs. SF
metrics include demographic parity difference, equalized
odds difference, individual fairness violation rate, and
calibration gap across protected subgroups. Each metric is
computed against a ground-truth disparity value derived from
controlled synthetic data with known bias parameters.

Dimension 2 — Distributional Reliability (DR):
measures the stability of tool outputs under three types of
distributional shift: covariate shift (changes in input feature
distributions), label shift (changes in outcome base rates), and
subgroup shift (changes in protected group proportions). DR
is quantified as the mean absolute deviation of fairness metric
outputs across shifted vs. original data distributions.

Dimension 3 — Ethics Principle Alignment (EPA):
measures the extent to which tool design and outputs align
with three operationalized ethics principles: transparency
(interpretable explanations for fairness assessments), non-
discrimination (correct flagging of disparate impact across
intersectional subgroups, not only single protected
attributes), and accountability (audit-ready reports satisfying
major Al governance frameworks).

C. Scoring Protocol

Each tool receives a normalized score on each dimension on
a 0-1 scale, where 1 represents the best observed
performance across all evaluated tools (peer-normalized
scoring). A composite FairBench Score (FBS) is computed
as: FBS = 0.40 x SF + 0.35 x DR + 0.25 x EPA. The weights
reflect that quantitative fairness detection and reliability
under shift are the primary technical requirements for
deployment-ready tools, while ethics principle alignment,
though important, is currently harder to quantify with
equivalent precision. Sensitivity analyses varying these
weights are reported in Section VI.

IV.BENCHMARK DATASETS

FairBench employs four benchmark datasets, each targeting
a distinct high-stakes application domain. All datasets are
publicly available or have been curated from public sources;
processed versions are released with the FairBench
repository.



EMP-Bench (Employment): derived from U.S. EEOC
public workforce data, augmented with synthetic bias
injections at controlled disparity levels. Protected attributes:
race, gender, age. Target: hiring decision. N =48,420 records.

CREDIT-Bench (Lending): based on the German Credit
dataset extended with HMDA public records. Protected
attributes: race, gender, zip code. Target: loan approval.
N=32,750 records.

HEALTH-Bench (Clinical): derived from the MIMIC-
Il clinical database (de-identified) with demographic
augmentation. Protected attributes: race, insurance type, sex.
Target: high-risk patient flag. N = 21,340 records.

JUSTICE-Bench (Recidivism): derived from the
ProPublica. COMPAS dataset extended with county-level
court records. Protected attributes: race, age, gender. Target:
two-year recidivism. N = 11,830 records.

For each dataset, three distributional shift variants were
constructed: covariate-shifted (input features resampled to
alter demographic proportions), label-shifted (outcome base
rates adjusted by £15%), and subgroup-shifted (one protected
subgroup undersampled by 40%). All shift parameters are
documented in data cards accompanying each dataset.

V.EVALUATION METHODOLOGY

A. Tools Evaluated

Six tools were evaluated: IBM Al Fairness 360 v1.3.12,
Microsoft Fairlearn v0.9.0, Google What-If Tool v1.7.0,
Aequitas v0.42.0, Themis-ML v0.3.2, and LinkedIn Fairness
Toolkit v2.1.0. All tools were evaluated using default
configurations to reflect realistic out-of-the-box usage.
Where tools required model inputs, a standardized logistic
regression classifier trained on 70% of each dataset was
provided.

B. Experimental Protocol

Each tool was applied to all four benchmark datasets and all
distributional shift variants under identical computational
conditions (standardized Docker containers, fixed random
seeds, Python 3.11). SF metrics were computed by comparing
tool-reported fairness values against ground-truth values
from controlled synthetic data. DR scores were computed as
the mean absolute deviation of SF metric outputs across
original and shifted datasets. EPA scores were assessed using
a structured rubric with three raters. All experiments are fully
reproducible from the FairBench repository.

C. Inter-Rater Reliability for EPA

Three independent raters with backgrounds in Al ethics and
software engineering assessed each tool's EPA dimension

using a 24-item rubric covering transparency (8 items), non-
discrimination (9 items), and accountability (7 items).
Krippendorff's alpha across raters was 0.81, indicating strong
inter-rater agreement. Final EPA scores were computed as the
mean of the three rater scores.

VI.RESULTS

A. Overall FairBench Scores

Table I presents the overall FairBench Scores and dimension-
level scores for all six evaluated tools, averaged across all
four benchmark datasets.

TABLE I
FairBench Scores by Tool (Averaged Across All Datasets)
Tool S DR | EPA | FBS #
IBM AIF360 0.84 0.71 0.76 0.78
MS Fairlearn 0.79 0.74 0.69 0.75 2
Aequitas 0.76 0.68 0.81 0.74 3
Google WIT 0.67 0.63 0.78 0.69 4
LinkedIn FTK 0.71 0.59 0.62 0.65 5
Themis-ML 0.61 0.55 0.58 0.58 6

IBM Al Fairness 360 achieved the highest overall
FairBench Score (0.78), driven primarily by broad metric
coverage in the SF dimension. Microsoft Fairlearn performed
comparably (0.75), with a stronger DR score reflecting more
robust handling of distributional shift. Aequitas ranked third
overall (0.74) but achieved the highest EPA score (0.81),
reflecting structured audit reporting and explicit support for
intersectional fairness assessment.

The Google What-If Tool's strong EPA score (0.78)
contrasts with weaker SF and DR performance, reflecting its
design emphasis on human-interpretable exploration rather
than programmatic precision. LinkedIn's Fairness Toolkit and
Themis-ML both scored below 0.70, with particularly weak
DR scores indicating fragility under distributional shift.

B. Domain-Level Variation

Table II presents tool performance disaggregated by
benchmark dataset domain, averaged across SF, DR, and
EPA dimensions.

TABLE 11
Mean FairBench Score by Tool and Domain
Tool EMP | CREDIT HEALTH | JUSTICE
IBM AIF360 0.81 0.79 0.76 0.73
MS Fairlearn 0.77 0.76 0.74 0.71
Aequitas 0.75 0.72 0.70 0.78
Google WIT 0.71 0.68 0.72 0.64




Tool EMP | CREDIT HEALTH | JUSTICE
LinkedIn FTK 0.68 0.63 0.66 0.61
Themis-ML 0.60 0.57 0.59 0.56

All tools exhibited their weakest performance on
JUSTICE-Bench, with the exception of Aequitas (0.78),
consistent with its origins in criminal justice policy
evaluation. The employment domain (EMP-Bench) yielded
the highest average scores across tools (mean 0.72), likely
reflecting its larger dataset size and more straightforward
binary classification structure.

C. The Reliability-Fairness Tension

A consistent finding across all tools was a negative
correlation between SF scores and DR scores at the dataset
level: tools achieving higher precision in fairness metric
detection on in-distribution data tended to show greater
metric instability under distributional shift (Spearman's p =
—0.61, p < 0.01). This structural tension suggests that
optimization for precise fairness detection on a fixed
distribution may come at the cost of robustness when
deployment conditions shift. Practitioners deploying these
tools in real-world settings — where distributional shift is the
rule rather than the exception — should weight DR
performance heavily in tool selection.

D. Sensitivity Analysis

To assess the robustness of overall rankings to weighting
assumptions, we computed FBS under three alternative
weighting schemes: equal weights (0.33 each), SF-dominant
(0.60/0.25/0.15), and DR-dominant (0.25/0.60/0.15). The
rank ordering of the top three tools (IBM AIF360, Fairlearn,
Aequitas) was stable across all four weighting schemes.
Rankings in positions 4-6 showed moderate sensitivity, with
the What-If Tool and LinkedIn FTK exchanging ranks under
the DR-dominant scheme.

VII. DISCUSSION

A. Implications for Tool Selection

FairBench results have direct practical implications for
organizations selecting FRE tools for deployment. No single
tool dominates across all three dimensions, suggesting that
tool selection should be guided by deployment context. For
applications requiring high-precision fairness detection on
stable distributions, IBM AIF360 and Fairlearn offer the
strongest performance. For public policy and criminal justice
applications where audit reporting and intersectional fairness
matter most, Aequitas's strong EPA performance makes it a
preferred choice. For exploratory fairness analysis by non-
technical stakeholders, the What-If Tool's interpretability
advantages may outweigh its lower quantitative scores.

B. The Distributional Shift Gap

The pervasive weakness in DR scores across all evaluated
tools points to what we term the distributional shift gap in
current FRE tooling: a systematic under-investment in
evaluation and mitigation of fairness metric instability under
real-world deployment conditions. Machine learning models
deployed in employment, lending, and criminal justice
contexts are routinely applied to populations that differ
demographically from their training data. If fairness
assessments produced by FRE tools are sensitive to these
distributional differences, compliance certifications based on
in-distribution evaluation may provide false assurance.
Future tool development should treat distributional
robustness as a first-class design requirement.

C. Limitations

FairBench has several limitations. First, the EPA dimension
relies on rater judgment and, despite strong inter-rater
agreement, introduces a qualitative element that may not
generalize across evaluator populations or governance
contexts. Second, all tools were evaluated under default
configurations; performance with expert-tuned
configurations may differ. Third, the benchmark datasets may
not fully represent the feature complexity and noise
characteristics of production Al systems. These limitations
motivate ongoing community development of FairBench
rather than represent fundamental objections to its utility.

VIII. CONCLUSION

This paper introduced FairBench, a unified benchmarking
framework for evaluating Al fairness, reliability, and ethics
tools. By applying a three-dimensional evaluation schema
across six widely deployed tools and four benchmark
domains, FairBench produces the first systematic,
reproducible cross-tool comparison in this space. Key
findings include significant performance divergence across
tools on identical datasets, a structural reliability-fairness
tension that current tools handle inconsistently, and no single
tool achieving satisfactory performance across all three
benchmark dimensions. FairBench is released as an open-
source framework, with all datasets, evaluation code, and
documentation available at [REPOSITORY URL — TO BE
ADDED AT CAMERA READY]. We invite the Alware
community to extend, critique, and build upon this
framework as a shared resource for driving progress in
trustworthy Al-powered software.
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