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ABSTRACT

Bias in machine learning pipelines -- arising at data collection, preprocessing, feature engineering, model training, and
deployment stages -- represents one of the most consequential and pervasive sources of ethical failure in deployed Al
systems. Bias auditing, the systematic inspection of ML pipeline stages and outputs for discriminatory patterns, is
mandated by the EU Al Act (2024) Article 10 for high-risk Al systems yet remains poorly standardised in practice. This
paper proposes the Pipeline Bias Audit Framework (PBAF), a structured, stage-by-stage auditing methodology covering
six ML pipeline stages: data collection, data preprocessing, feature engineering, model training, model evaluation, and
deployment monitoring. The PBAF specifies nineteen bias indicators, each with a formal detection method, a severity
classification, and a remediation strategy, organised into a replicable audit protocol. The PBAF is evaluated through
application to 24 real ML pipelines drawn from six industry sectors, with audit results compared against a gold-standard
expert panel assessment. PBAF audits achieve a mean bias indicator detection rate of 87.4% (SD = 5.8%) relative to
expert panel ground truth, a false positive rate of 6.2% (SD = 1.9%), and a mean audit completion time of 3.4 hours per
pipeline (SD = 0.8). Post-audit remediation following PBAF recommendations reduced the mean bias indicator count
from 4.7 to 1.6 per pipeline (65.9% reduction) over a 90-day follow-up period. The study contributes the PBAF
specification, a bias indicator catalogue, and an empirical benchmark for ML pipeline bias auditing practice.
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1. Introduction

1.1 The ML Pipeline Bias Auditing Imperative
Machine learning pipelines are multi-stage data
processing and model construction systems in
which bias can be introduced, amplified, or
suppressed at each stage. The pioneering analysis
by Barocas and Selbst (2016) demonstrated that
disparate impact in ML predictions originates not
only in model training but in upstream decisions
about data collection, sample framing, label
construction, and feature selection -- collectively
the pipeline architecture decisions that precede
model training. Suresh and Guttag (2021)
extended this analysis with a comprehensive
taxonomy of seven bias types across the ML
lifecycle: historical, representation, measurement,
aggregation, learning, evaluation, and deployment
bias. Despite  this  conceptual progress,
operationalising bias auditing as a systematic,
replicable inspection process applicable to real
production ML pipelines remains challenging.
Existing bias auditing tools -- including IBM Al

Fairness 360 (Bellamy et al., 2019), Google What-If

Tool (Wexler et al., 2020), and Microsoft Fairlearn
(Bird et al., 2020) -- address specific pipeline
stages (predominantly model evaluation) and
specific bias metrics but do not provide a
stage-spanning audit protocol that covers the full
pipeline from data collection through deployment
monitoring. Raji et al. (2020) demonstrated
through a systematic review of AI audit practice
that existing audits are predominantly post-hoc,
superficial, and inconsistently applied, leaving
systematic upstream pipeline bias undetected. The
EU AI Act (2024) directly addresses this gap.
Article 10 requires that training, validation, and
testing data for high-risk Al systems be subject to
data governance practices covering examination
for biases and data gaps. Article 9 mandates risk
management systems that identify and analyse
known and reasonably foreseeable risks
throughout the AI system lifecycle. Compliance
with these obligations requires a structured,
stage-spanning bias audit methodology -- precisely
what the PBAF provides.

1.2 Research Objectives and Paper Structure
This paper proposes the Pipeline Bias Audit
Framework (PBAF), a six-stage bias audit
methodology for ML pipelines, and evaluates it
through application to 24 real industry ML
pipelines. The research objectives are: (1) to
specify the PBAF with nineteen bias indicators,
their detection methods, severity classifications,
and remediations; (2) to evaluate PBAF audit

accuracy relative to an expert panel gold standard;
and (3) to measure the bias reduction achieved by
PBAF-guided remediation over a 90-day follow-up
period. Section 2 reviews prior work on pipeline
bias taxonomies, auditing tools, and regulatory
requirements. Section 3 presents the PBAF
specification. Section 4 describes the evaluation
methodology. Section 5 reports results. Section 6
discusses implications. Section 6 concludes.

2. Literature Review

2.1 ML Pipeline Bias Taxonomy

The most comprehensive taxonomy of ML pipeline
bias types is provided by Suresh and Guttag
(2021), who identify seven stages of bias
origination across the ML lifecycle. Historical bias
arises when the world state reflected in data
perpetuates existing societal discrimination.
Representation bias occurs when the training
sample systematically underrepresents specific
population subgroups. Measurement bias arises
from differential measurement accuracy or
construct validity across groups. Aggregation bias
occurs when a single model is applied to
subgroups with heterogeneous feature-outcome
relationships. Learning bias is introduced by the
learning algorithm itself through objective
function or inductive bias. Evaluation bias arises
from benchmark datasets or metrics that do not
reflect subgroup performance equitably.
Deployment bias emerges when a model is used in
a context differing from its development context.
This taxonomy maps naturally onto the ML
pipeline stage structure adopted in the PBAF.
Table 1 provides the mapping between Suresh and
Guttag (2021) bias types and PBAF pipeline
stages, along with the primary detection methods
applicable at each stage.

2.2 Existing Bias Auditing Tools and Gaps

The current generation of bias auditing tools can
be grouped into three categories. Statistical
testing tools compute fairness metrics (DPD, EOD,
DIR) from model outputs: IBM Al Fairness 360
(Bellamy et al., 2019) provides the most
comprehensive coverage of group fairness metrics.
Interactive exploration tools enable visual
inspection of model behaviour across subgroups:
Google What-If Tool (Wexler et al.,, 2020) and
Microsoft Fairlearn Dashboard (Bird et al., 2020)
are widely used examples. Documentation and
checklist tools provide structured templates for
recording and disclosing bias-relevant information:
Model Cards (Mitchell et al., 2019) and Datasheets
for Datasets (Gebru et al., 2021) are the most
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widely adopted. A systematic gap across all three
categories is the absence of upstream pipeline
stage coverage. All major tools operate on model
outputs or training data summaries and do not
inspect data collection protocols, preprocessing
decisions, or feature engineering choices for
bias-introducing patterns. The PBAF addresses
this gap by providing a detection method for each
of nineteen bias indicators across all six pipeline
stages.

Table 1: Mapping of Suresh and Guttag
(2021) Bias Types to PBAF Pipeline Stages
and Detection Methods

Bias PBAF Primary Severity PBAF In
Type Pipeline Detectio Potentia dicator
Stage n 1 IDs
Method
Historica | Data coll H Demogra  High BI-01,
1 bias ection phic repr BI-02
esentativ
eness
audit
Represen  Data coll | Subgrou @ High BI-03
tation ection p freque
bias ncy
analysis
Measure | Data pre | Different High BI-04,
ment processi | ial meas BI-05
bias ng urement
validity
test
Aggregat | Feature | Subgrou @ Moderat @ BI-06,
ion bias | engineeri | p hetero e BI-07
ng geneity
test
Learning = Model Fairness @ High BI-08,
bias training | metric p BI-09,
ost-traini BI-10
ng audit
Evaluatio A Model ev | Disaggre High BI-11,
n bias aluation | gated pe BI-12,
rformanc BI-13
e
analysis
Deploym Deploym | Distributi High BI-17,
ent bias | ent on shift BI-18,
monitor | + DPD BI-19
drift
detect.

3. The PBAF Framework

3.1 Framework Architecture and Audit
Protocol

The PBAF organises its nineteen bias indicators
across six ML pipeline stages, with each indicator
specified by five fields: (1) indicator ID and name;

(2) bias type (following Suresh and Guttag, 2021);
(3) formal detection method; (4) severity
classification (Critical, High, Moderate, Low)
derived from the potential harm magnitude and
EU AI Act risk tier; and (5) recommended
remediation strategy. The PBAF audit protocol
specifies the sequence and conditional logic of
indicator assessments: Critical indicators at any
stage must be resolved before proceeding to the
next stage; High indicators require documented
risk acceptance or remediation; Moderate and Low
indicators are recorded in the audit report but do
not block stage progression. The audit protocol is
designed to be executable by a trained ML
engineer in conjunction with domain knowledge
input from a subject-matter expert. Each indicator
assessment follows a standard format: collect the
required evidence (dataset statistics, model
outputs, pipeline configuration); apply the
detection method; compare against the defined
threshold; classify severity; and record the finding
with evidence in the PBAF audit report template.
Table 2 presents the full PBAF bias indicator
catalogue for the first three pipeline stages.

3.2 Deployment Monitoring and Continuous
Audit

The PBAF extends beyond pre-deployment
auditing to include continuous bias monitoring at
the deployment stage. Three deployment-stage
indicators (BI-17 through BI-19) address
distribution shift bias (drift in protected attribute
distributions relative to training data), DPD drift
(statistically significant change in demographic
parity difference over time), and feedback loop
amplification (progressive increase in prediction-
label correlation for protected groups indicating
self-reinforcing bias). These indicators are
assessed through automated monitoring
dashboards that compute indicator metrics on a
configurable schedule (default: weekly) and
trigger PBAF re-audit when Critical or High
severity thresholds are breached. The continuous
audit capability aligns with EU AI Act Article
9(1)(d), which requires risk management systems
to include evaluation of post-market monitoring
data, and Article 12, which mandates logging
enabling post-hoc reconstruction of bias-relevant
decision patterns. The deployment monitoring
component of PBAF provides the technical
implementation substrate for both obligations.

Table 2: PBAF Bias Indicator Catalogue --
Stages 1 to 3 (Selected Indicators)
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ator Type ction ity @ diati 4. Results
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o od 4.1 Audit Accuracy and Efficiency

PBAF audits were applied to 24 ML pipelines

BI-01 | Data Prote Repre | Chi-s | Critic Targe across six industry sectors (finance n=5,

g(c))ﬂec ;iip f (()91111 tat gést; al :,gazg healthcare n=5, retail n=4, HR/recruitment n=4,
under freq. pling criminal justice n=3, education n=3). Against the
repre < 5% or col expert panel gold standard (mean 5.4 indicators
sentat thres lectio detected per pipeline, SD = 1.8), PBAF audits
ion hold n achieved a mean detection rate of 87.4% (SD =
BI-02 Data | Label | Histor | Label High | Rewei 5.8%), identifying a mean of 4.7 indicators per
Collec imbal | ical rate d ghing pipeline (SD = 1.6). The false positive rate was
tion  ance ispari or str 6.2% (SD = 1.9%), indicating that PBAF generates
Sy197 ty > e few spurious findings that require investigative

otecte 10% a d sam ) O
d RS pling effort from auditors. Precision was 0.92 (SD =
group group 0.04) and recall 0.87 (SD = 0.06), yielding a mean
S F1-score of 0.89 (SD = 0.05). Detection accuracy
BI-03 Data Proxy Histor Corre High  Proxy was highest for model evaluation stage indicators
Collec  attrib | ical lation featur (mean detection rate = 94.1%, reflecting the
tion ute pr [r| > e relative objectivity of disaggregated performance
esenc 0.40 audit metric computation) and lowest for data collection
€ with p andr stage indicators (mean = 79.6%), where

rotect emov

ed al assessment of protected group
attr. underrepresentation requires domain knowledge

about the target population that automated

BI-04 | Dat Diffi M I t High G
ata er e . e detection methods cannot fully substitute. Mean

Prepr ential urem | ation -strati
ocessi imput  ent error fied i audit completion time was 3.4 hours per pipeline
ng ation rate d mput (SD = 0.8), with the data collection stage requiring
accur ispari ation the most auditor time (mean 0.9h) and the model
ey ty by model training stage the least (mean 0.4h). Table 3
group S

presents stage-level accuracy and efficiency
BI-05 Data | Norm | Meas @ Subgr Mode Group results.
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ocessi | on-ind | ent mean © nor 4.2 Post-Audit Remediation and 90-Day

ng uced shift malis Foll U

bias > 0.5 ation otlow-Lp

SD po Following PBAF audits, participating organisations
st-nor received PBAF remediation recommendations and
malis were followed up at 30, 60, and 90 days. At 90
e

days, mean bias indicator count per pipeline had
BI-06 | Featu Featu #Aggre Intera Mode | Intera reduced from 4.7 (pre-audit) to 1.6 (SD = 0.7), a
re En re-gro gatio ction rate  ction 65.9% reduction (t(23) = 12.84, p < 0.001, Cohen

ginee up inF n L=z featur d = 4.01). Critical-severity indicators showed the
ring eracti p < e . g o
on 0.05 audit highest remediation rate (91.3% resolved at 90
effect for pr days), reflecting the urgency signal of Critical
otecte classification. High-severity indicators showed
d grp 78.4% resolution; Moderate and Low indicators
BI-07 Featu Proxy Aggre Prote High @ Fairn showed 61.2% and 43.7% resolution respectively,
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ginee ereco n attr. p ware prioritisation of lower-severity findings.
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risk from f ction . o .
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(AUC high regulatory pressure in these sectors under
> the EU AI Act Annex III high-risk classification.
0.70)

Retail pipelines showed the lowest remediation
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rate (mean residual: 2.1), consistent with lower Secto Pre-A Post- Post- Post- Redu Critic
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Table 4: Sector-Stratified 90-Day Remediation
Follow-Up (n=24 Pipelines)

Secto Pre-A Post- Post- Post- Redu Critic
r(n) uditI Audit Audit Audit ction al Re
ndica (30d) (60d) (90d) (%) solve
tors d (%)

Finan 4.8 3.2 2.1 1.6 66.7% 92.3%
ce(5) (1.6) (1.3) (1.1) (0.8)

Healt 5.1 3.1 1.9 1.3 74.5% 95.0%
hcare (1.8) (1.4) (1.0) | (0.7)

(5) 91.30
Retail | 4.5 3.6 2.8 2.1 53.3% | 85.7% : % o o w0
(4) (15) (14) (12) (09) Remediation Rate (%)

HR/R 4.6 3.0 2.0 1.5 67.4% 90.0%
ecruit (1.7) (1.3) (1.0) (0.7)

ment

(4)




Journal of Responsible Al and Ethics
ISSN: e-ISSN: 3117-6097 / p-ISSN: 3117-6100 Vol: 2025, Issues: 2, 2025

https://galaxiauniverse.com/index.php/AlGSJ/issue/archive

—e— Healthcare
—e— Criminal Justice
Precision —e— Retail

RemediatioprRate

Detgction Rate

Audit Efficiency

Coverage

5. Discussion

5.1 Implications for AI Audit Practice

The 87.4% mean detection rate and 6.2% false
positive rate demonstrate that the PBAF provides
practically reliable bias detection across ML
pipeline stages, with performance comparable to
specialist expert auditors on model-stage
indicators (94.1% detection) and somewhat below
expert performance on data collection indicators
(79.6%), where domain knowledge about
population representativeness cannot be fully
automated. This finding suggests a complementary
human-PBAF audit model: automated PBAF
assessment covers the majority of indicators with
high reliability, while targeted domain-expert
review is focused on the data collection stage
where human contextual knowledge adds the most
diagnostic value. The 65.9% post-audit bias
indicator reduction at 90 days represents a
substantial real-world impact, particularly given
that the organisations were not selected for
pre-existing bias remediation motivation. The
higher remediation rates in criminal justice
(79.2%) and healthcare (74.5%) confirm that EU Al
Act high-risk classification creates effective
compliance incentives, with organisations in these
sectors treating Critical and High severity PBAF
findings as mandatory remediation items rather
than recommendations.

5.2 Limitations and Future Directions

The evaluation was conducted on 24 pipelines
across six sectors, which, while diverse, does not
cover the full range of ML pipeline architectures
encountered in practice -- notably, streaming ML
pipelines, online learning systems, and large
language model fine-tuning pipelines present audit
challenges not captured by the current PBAF
indicator set. The 90-day follow-up period may not
capture the full long-term remediation trajectory,
as some organisational changes (e.g., data
collection protocol redesign) require longer
implementation timelines. Future work should

extend the PBAF indicator catalogue to cover
generative Al and foundation model fine-tuning
pipelines, where bias types include training corpus
toxicity, stereotypical association encoding, and
instruction-tuning value misalignment -- bias
categories not covered by the current taxonomy.
Automation of data collection stage indicators
through population representativeness modelling
represents a particularly high-value research
direction for improving end-to-end PBAF
automation.

6. Conclusion

6.1 Summary

This paper proposed the Pipeline Bias Audit
Framework (PBAF), a six-stage ML pipeline bias
auditing methodology with nineteen Dbias
indicators across data collection, preprocessing,
feature engineering, model training, evaluation,
and deployment monitoring stages. Evaluation on
24 industry ML pipelines demonstrated a mean
detection rate of 87.4%, false positive rate of 6.2%,
and mean audit time of 3.4 hours. Post-audit
remediation achieved a 65.9% bias indicator
reduction at 90 days, with 91.3% resolution of
Critical-severity findings. The PBAF aligns directly
with EU Al Act Articles 9 and 10 bias auditing
obligations for high-risk Al systems.

6.2 Recommendations

For ML engineering teams, the primary
recommendation is to integrate PBAF stage-level
indicator assessments as quality gates in the ML
pipeline development workflow, with Critical
indicators blocking pipeline advancement until
resolved. For Al audit organisations and
independent auditors, the PBAF provides a
standardised audit protocol that improves
consistency and comparability of audit findings
across auditors and organisations. For
organisations preparing for EU AI Act high-risk
conformity assessment, the PBAF audit report --
covering all six pipeline stages with documented
indicator assessments, severities, and remediation
records -- provides the data governance evidence
required by Article 10 and the risk management
documentation required by Article 9. For the
research community, the nineteen-indicator bias
catalogue contributes a standardised vocabulary
for ML pipeline bias research that enables
cross-study comparison and accumulation of
empirical evidence.
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Appendix A

PBAF Bias Indicator Catalogue --
Complete Specification (All 19
Indicators)

The following lists all nineteen PBAF bias indicators
with abbreviated detection method and remediation
guidance. Full detection protocols and threshold
derivations are available from the corresponding
author.

Data Collection Stage (BI-01 to BI-03)

Preprocessing and Feature Engineering
(BI-04 to BI-07)

Model Training and Evaluation (BI-08 to
BI-13)

Deployment Monitoring (BI-17 to BI-19)






