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Abstract

Objectives: To develop a generalizable framework for identifying algorithmic discrimination risks arising from subgroup
imbalances in machine learning training data, with relevance to medical informatics applications where heterogeneous
real-world data can bias model behavior.

Materials and Methods: We introduce a discrimination risk assessment framework for training datasets, a 4-step methodol-
ogy integrating: (1) controlled representation sampling, (2) ensemble-based model training, (3) multilevel subgroup dis-
parity quantification, and (4) mitigation-oriented interpretation. The framework systematically perturbs training sub-
group composition while holding evaluation sets fixed to isolate representation effects. Validation was performed across
7 publicly available pediatric type 1 diabetes datasets using sociodemographic variables and continuous glucose monitor-
ing data to assess robustness under heterogeneous data sources.

Results: Representation balance alone does not guarantee stable or equitable model outputs. Ensemble analyses revealed
subgroup-dependent volatility, with some groups consistently contributing to model generalization, while others inducing
instability despite increased representation. These findings demonstrate structural sensitivity to data composition that is
not captured by standard performance-only evaluations.

Discussion: The framework exposes disparities and instability patterns that remain hidden under single-model or
balanced-data evaluations. By quantifying representation-driven behaviors and subgroup-specific training value, it offers
a diagnostic tool for understanding data-induced risks prior to model deployment.

Conclusion: This work provides a methodology for assessing discrimination risks in training datasets used in medical infor-
matics. By integrating data composition effects, prediction stability, and subgroup-level disparity analysis, the framework
supports more reliable and transparent development of machine learning systems across diverse clinical and nonclini-
cal contexts.

Clinical trial registration: This research did not involve any new clinical trial. All analyses were performed on data from

previously registered clinical trials, as listed below:

1) PEDAP dataset: The source of the data is the PEDAP Trial Study Group. (2024). PEDAP Public Dataset (Release 4). Retrieved from
https://public.jaeb.org/dataset/599. The analyses content and conclusions presented herein are solely the responsibility of the
authors and have not been reviewed or approved by PEDAP Trial Study Group. ClinicalTrials.gov ldentifier: NCT04796779; regis-
tered March 15, 2021.

2) 10BP2 RCT dataset: The source of the data is the Insulin Only Bionic Pancreas Pivotal Trial. Retrieved from https://public.jaeb.
org/dataset/579. The analyses content and conclusions presented herein are solely the responsibility of the authors and have not
been reviewed or approved by the Bionic Pancreas Research Group or Beta Bionics. ClinicalTrials.gov Identifier: NCT04200313; reg-
istered December 16, 2019.

3) DCLP5 dataset: The source of the data is the University of Virginia. DCLP5 Dataset. Retrieved from http://public.jaeb.org/dataset/
535. The analyses content and conclusions presented herein are solely the responsibility of the authors and have not been
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reviewed or approved by the University of Virginia. Associated ClinicalTrials.gov ldentifier: NCT03844789; registered February
18th, 2019

DCLP3 dataset: The source of the data is the University of Virginia. The International Diabetes Closed Loop (iDCL) trial. DCLP3
Public Dataset (Release 3). Retrieved from http:///public.jaeb.org/dataset/573. The analyses content and conclusions presented
herein are solely the responsibility of the authors and have not been reviewed or approved by the University of Virginia.
ClinicalTrials.gov Identifier: NCT03591354; registered July 19, 2018.

CITY dataset: The source of the data is the Jaeb Center of Health Research. CGM Intervention in Teens and Young Adults with T1D
(CITY Public Dataset). Retrieved from http://public.jaeb.org/dataset/565. The analyses content and conclusions presented herein
are solely the responsibility of the authors and have not been reviewed or approved by the Jaeb Center of Health Research.
ClinicalTrials.gov Identifier: NCT03263494; registered August 28, 2017.

SENCE public dataset: The source of the data is the Jaeb Center of Health Research. SENCE Public Dataset. Retrieved from http://
public.jaeb.org/dataset/554. The analyses content and conclusions presented herein are solely the responsibility of the authors
and have not been reviewed or approved by the Jaeb Center of Health Research. ClinicalTrials.gov |dentifier: NCT02912728; regis-

tered September 23, 2016.
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Background and significance

Machine learning (ML) is routinely deployed for decision support
in high-stakes domains such as health care, finance, and crimi-
nal justice.! While these systems promise gains in efficiency and
precision, they also risk reinforcing structural inequalities
through biases in the underlying data or through dynamics that
emerge once deployed, making rigorous subgroup-level evalua-
tion essential.? In health care, disparities in model performance
across racial, ethnic, and socioeconomic groups are well docu-
mented, often reflecting historical inequities encoded in clinical
records.’ Such persistent performance gaps constitute statisti-
cal group discrimination.” Despite growing awareness, there
remains a lack of standardized frameworks to identify, measure,
and mitigate sociodemographic biases that can be traced to ML
training data, which is a foundational step toward the develop-
ment of equitable artificial intelligence (Al) systems.

These challenges are particularly salient in pediatrics, where
technical, ethical, and data-quality limitations remain insuffi-
ciently addressed, and where most Al/ML work is concentrated
in high-income countries, while efforts in low- and middle-
income countries remain largely exploratory.® Pediatric clini-
cians highlight the importance of training on health disparities
and implicit bias, yet structured education on Al’s risks is lim-
ited.®® Despite advances such as federated learning and ex-
plainable Al, persistent challenges—including limited data
diversity, poor generalizability, and unresolved ethical con-
cerns—underscore the need for more rigorous approaches and
frameworks for pediatric Al.1°*3

Bias plays a critical role in the management of type 1 diabetes
(T1D), a chronic condition requiring lifelong management and
showing substantial variation in incidence, outcomes, and ac-
cess to care across demographic groups.***® Black and
Hispanic youth experience higher rates of diabetic ketoacidosis
and face structural barriers to advanced diabetes technolo-
gies.!”® Although continuous glucose monitoring (CGM) and in-
sulin pumps have improved diabetes management,'® adoption
remains uneven,?® with non-Hispanic White and privately in-
sured populations benefiting the most. These disparities con-
tribute to differences in glycemic control, complication rates,
and hospitalization.”>**  Socioeconomic factors—including

insurance, education, and family support—further shape disease
burden and treatment outcomes.**°

Existing bias-assessment approaches in health-care ML re-
main fragmented. Foundational studies and broad ethical
reviews? "> retrospectively highlight how proxy variables and
EHR disparities propagate downstream clinical biases. In re-
sponse, governance frameworks such as ACCESS-ALL* BE-
FAIR,3! GUIDE,*? HEALTH-ML,* and emerging clinical implemen-
tation guidelines®* 3¢ have introduced standardized documenta-
tion, physician perspectives, and qualitative equity audits.
Concurrently, numerous technical methodologies and recent
systematic evaluations®™** predominantly focus on quantifying
post hoc performance disparities (eg, error rate gaps) and apply-
ing downstream mitigations like algorithmic reweighting or
dataset balancing. While these existing works successfully estab-
lish retrospective auditing, qualitative reporting, and down-
stream corrections, they largely evaluate static parity metrics
and treat the initial training-data composition as a fixed artifact
rather than a dynamic variable.

To address these gaps, our framework shifts the paradigm
from downstream correction to upstream, data-centric diagno-
sis. Unlike retrospective audits or qualitative checklists, our
methodology explicitly isolates how training-data composition
fundamentally drives model behavior prior to clinical deploy-
ment. By integrating controlled representation sampling as a
pretraining diagnostic, we uniquely expose how shifting sub-
group prevalence impacts dynamic prediction stability and sys-
tematic arbitrariness across minority groups.

Demographic imbalances introduced through data collection
practices or clinical inclusion criteria remain a major barrier to
equitable ML systems.**™" Even when datasets appear bal-
anced, disparities may persist due to differences in model be-
havior, feature interactions, or decision boundaries.**>* New
legal frameworks, such as Article 10 of the European Al Act (EU
Regulation 2024/1689), mandate appropriate data governance
and assessment practices. Understanding how training-data
composition influences performance and stability is therefore
essential for identifying discrimination risks.

To address this gap, we introduce a generalizable framework
for assessing discrimination risks, using T1D as an application
case. The framework examines how subgroup representation,
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prevalence, and training stability shape model behavior through
4 structured stages: Controlled Representation Sampling,
Multiple Model Training, Subgroup Disparity Analysis, and Risk
Interpretation & Mitigation.

By generating multiple variations of the available data, the
framework systematically evaluates representation-driven
risks and performance dynamics across demographic groups.
By systematically varying subgroup representation and ana-
lyzing performance outcomes, and model arbitrariness,>” that
is, the proportion of test samples receiving conflicting predic-
tions across repeated bootstrap model instances, we identify
populations with reduced “training value,”**** where models
struggle to learn stable or accurate patterns. This approach
highlights the limitations of conventional dataset balancing
and uncover how inconsistencies in model performance can
persist despite apparent representational equity. Beyond
technical evaluation, our framework introduces a novel dual
focus: it equips data providers with guidelines to validate
datasets prior to dataset release, and it offers Al developers
practical routines for subgroup-sensitive validation prior to
model deployment.

Methods

We propose a 4-step discrimination risk assessment framework
for systematic evaluation of model performance and stability
as illustrated in Figure 1, which presents a flow diagram
showing four connected stages for assessing discrimination
risks in machine learning training datasets: Controlled
Representation Sampling, Multiple Model Training, Subgroup
Disparity Analysis, and Risk Interpretation and Mitigation. The
key methodological steps are summarized in Table 1, while
the details of the proposed validation framework are de-
scribed in the following subsections. A central motivation of
the framework is to inform both model evaluation and up-
stream data design, offering practical guidance for recruit-
ment or sampling strategies before large-scale datasets are
even constructed. To facilitate adoption, a complete checklist

Controlled /~ Multiple Model \\
Representation Training
Sampling

Ai °€
) 2D

Stratified train/test data
splitting

Benchmarking classifiers

Evaluation on fixed test

Representative test sets subsets

Training partitions with
varying subgroup
representations

Repeated modeling runs
\fir statistical significan?

and a reporting template are provided in Supplementary
Material S4 for use by third parties.

Step 1: Controlled
representation sampling

We propose a structured, representation-aware sampling pipe-
line designed to isolate the effects of subgroup representation
on model performance while minimizing confounding factors.
Prior to controlled sampling, we recommend integrating a pre-
liminary outlier detection step (eg, utilizing Z-score, interquartile
range or isolation forests). In complex medical datasets, filtering
extreme physiological anomalies ensures that rare outliers do
not disproportionately skew the representation dynamics of
sparse subpopulations. To achieve this, we generate K=50 fixed
test sets for each dataset, meeting 3 key design criteria: (1) bal-
anced subgroup proportions (eg, equal numbers of subjects per
subgroup) to facilitate valid between-group comparisons; (2)
prevalence-aligned class distributions, ensuring clinical out-
come frequencies were preserved across subgroups; and (3)
equivalence in mean CGM time series lengths across subgroups
to control for differences in monitoring exposure. These test
sets are held constant throughout all experiments to maintain
evaluation consistency and avoid artifacts due to test distribu-
tion shifts or unequal data granularity.

For training-data preparation, subgroup representation is sys-
tematically varied across 5 levels (0%, 25%, 50%, 75%, and
100% of the training cohort) while preserving the original out-
come prevalence within each split (see Figure 2). For each repre-
sentation level and subgroup comparison (such as race,
insurance status, or income level), we create 50 distinct strati-
fied training sets through random sampling, ensuring that out-
come class balance remained intact to prevent artificial bias.
This sampling approach disentangles the influence of subgroup
inclusion from class distribution effects, enabling a robust, inter-
pretable analysis of how variations in training-data composition
affect downstream model behavior. The controlled stratification
by subgroup distribution, outcome prevalence, and CGM data

/ Risk Interpretation\
& Mitigation

Subgroup Disparity
Analysis

AN

Performance disparities

Derived insights

Systematic arbitrariness
Recommendations for
responsible data collection
& bias mitigation

A 4

Model stability &
robustness

Figure 1. Overview of the proposed validation framework for assessing discrimination risks in machine learning training datasets comprised of 4 key
stages: Controlled Representation Sampling, Multiple Model Training, Subgroup Disparity Analysis and Risk Interpretation & Mitigation.
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Table 1. Discrimination risk assessment framework—checklist.

Step Checklist items

1. Representation
sampling

01 Define target subgroups

7 Fix test sets with balanced
subgroup sizes

0O Align outcome prevalence
across subgroups

1 Match data quality

(eg, CGM duration)

0 Vary training representation
(0%-100%)

1 Repeat sampling K times

0 Select diverse algorithms

0 Standardize preprocessing

0 Train multiple models per
configuration

01 Store predictions and metrics

0 Compute subgroup performance
metrics

1 Assess self-consistency

01 Quantify systematic arbitrariness
0 Compare across representation levels
0 Identify high training-value subgroups
01 Flag destabilizing subgroups

01 Derive mitigation actions

0 Document tradeoffs

2. Model training

3. Disparity analysis

4. Risk interpretation

Group A
= Group B

@ Fixed RepresentativeTest Set

Training Set

A:100% A:75%
B:0% B:25%

A :50%
B:50%

A:25%
B:75%

A:0%

B:100%

Figure 2. Schematic overview of the controlled stratified sampling
strategy used to construct evaluation-ready train/test datasets. The
figure illustrates five training dataset configurations based on different
A/B subgroup compositions: 100%-0%, 75%-25%, 50%-50%, 25%-75%,
and 0%-100%. Across all five configurations, the test dataset
composition remains fixed, allowing evaluation of model performance
under controlled variations in training subgroup representation.

quality provided a reproducible, clinically grounded foundation
for subsequent modeling phases.

Step 2: Multiple model training

To evaluate model performance and model variability under
controlled data compositions, the modeling phase involves
training ensembles of classifiers for each unique training con-
figuration. This enables robust estimation of both average

performance and prediction stability. For each training condi-
tion (ie, a specific level of subgroup representation), the idea is
to generate multiple independent models using randomized
initializations and sampling seeds. This strategy®! captures
both stochastic noise (from training variability) and structural
effects (from data composition), allowing the framework to
move beyond single-point estimates.

We implement this modeling step across multiple supervised
learning algorithms representing a range of complexity and in-
ductive bias (eg, linear, tree-based, probabilistic). For each algo-
rithm and training condition, we compute model-level metrics
such as Area Under the Curve (AUC), precision-recall, and class-
wise performance, and then aggregate these metrics across
the ensemble to derive confidence intervals and behavioral
distributions.

Step 3: Subgroup disparity analysis

To evaluate how subgroup representation influences model be-
havior, we implemented a multilevel disparity analysis frame-
work that incorporates both predictive performance and model
robustness. This process begins by aggregating evaluation out-
puts from ensembles of trained models under varied subgroup
representation levels. For each configuration, we derive perfor-
mance distributions stratified by subgroup and compute inter-
group differences in key classification metrics. These differences
are treated not as single-point gaps but as statistically grounded
disparities derived from repeated model evaluations, allowing
us to assess both magnitude and stability of group-level perfor-
mance across conditions.

In parallel, we analyze prediction instability within subgroups
to assess model consistency, focusing on metrics that reflect
model arbitrariness and internal agreement across bootstrap
replicates.® Instability is operationalized through distributional
comparisons of prediction outputs and classification decisions,
enabling fine-grained identification of groups for which the
model exhibits unstable or sensitive behavior. These analyses
are conducted across all sociodemographic dimensions varied
in the training data, with fixed test distributions ensuring con-
founding factors are minimized. The resulting outputs—captur-
ing both disparities and model stability—form the basis for
downstream risk interpretation and inform whether certain sub-
groups contribute reliably to model generalization or exhibit
signs of structural marginalization.

Step 4: Risk interpretation and mitigation

The final phase of the framework integrates the outputs from
performance analysis, model consistency evaluation, and train-
ing value estimation to generate a composite view of discrimina-
tion risk. Rather than treating these metrics as isolated findings,
this step synthesizes them to identify subgroup-specific patterns
that influence model generalizability and reliability. This
includes mapping subgroups along axes of predictive contribu-
tion, model stability, and representation level to detect cases
where model robustness is disproportionately affected by spe-
cific population strata. The integration process is guided by an
evidence-driven schema that flags subgroups for targeted
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review or intervention based on their quantitative profile across
prior analyses.

This synthesized risk profile is then used to support principled
decisions around data curation and model refinement. By link-
ing each subgroup’s inclusion to its empirical impact on model
performance and stability, stakeholders can prioritize high-
value populations during dataset design, particularly in scenar-
ios where limited resources require strategic sampling. The
framework also supports identification of low-value or destabi-
lizing subgroups—those whose inclusion contributes minimal or
negative impact—prompting further investigation into potential
data-quality issues or confounding sources of bias. This inter-
pretive phase transforms analytic insights into practical guid-
ance for improving equity and trustworthiness in clinical
ML systems.

Results
T1D datasets

We applied the discrimination risk assessment framework to
6 publicly available US-based T1D datasets with a total of 19k
weekly data points and n =690 participants (range: 50-181
per study) (see “Data Availability” for details). Each database
(DB;, where i=1,2,...,6) contains structured sociodemo-
graphic information (including age, sex, race/ethnicity) and
detailed CGM data. The prediction task was a binary classifi-
cation of weekly hyperglycemia severity, where participants
were labeled as either low risk (<3 severe hyperglycemic
events per week) or high risk (>3 events). Severe events were
defined as glucose levels exceeding 250 mg dL™' for more
than 180 min, in accordance with established CGM clinical
guidelines.®®™>® The framework was applied to each dataset
individually and to a harmonized joint T1D database combin-
ing all 6 sources. Demographic description is shown in
Table 2, with CGM summaries and preprocessing details in
Supplementary Material S1.

Step 1: Impact of controlled
representation sampling on
evaluation cohorts

We first evaluated how controlled representation sampling influ-
ences training and evaluation cohorts. To ensure consistent and
unbiased assessment, we generated K =50 fixed test sets per
dataset that satisfied 3 criteria: (1) balanced subgroup propor-
tions (eg, Ny =N,), (2) prevalence-aligned class distributions
(Sq ~ Sp) to preserve real-world clinical outcome frequencies,
and (3) comparable CGM exposure across subgroups. These test
sets were used across all experiments to avoid shifts in evalua-
tion conditions.

Training sets systematically varied subgroup representation
across 5 levels (0%, 25%, 50%, 75%, and 100%) for each pro-
tected attribute (eg, sex, insurance, income). For each level, we
created 50 distinct stratified training sets using random sam-
pling ensuring outcome prevalence was preserved to prevent ar-
tificial class imbalance. This representation-aware sampling
disentangled subgroup inclusion effects from class imbalance

and provided the foundation for examining representation-
driven model behavior.

Step 2: Performance and stability across
multiple model ensembles

To quantify both accuracy and variability, we trained ensembles
of 50 independently initialized models for each training configu-
ration and dataset, using logistic regression (LR), random forest
(RF), naive Bayes, and CatBoost. The objective was to predict
the weekly acute hyperglycemia risk, defined as distinguishing
between low risk (3 or fewer severe hyperglycemic events over
the next week) and high risk (more than 3 such events during
the next week). All algorithms showed similar patterns, but LR
most consistently achieved the strongest performance across 4
of the 6 datasets and the joint DB, while also providing interpret-
ability aligned with clinical use (see Tables S3 and S4 in
Supplementary Material S2).

For instance, LR achieved an AUC of 0.805+0.046 in DB1 and
0.819+0.017 in the T1D joint DB, outperforming more complex
models like CatBoost in these settings. Naive Bayes exhibited
the highest variance in performance and lower average AUC,
suggesting a tendency toward underfitting in complex, low-
sample environments. Meanwhile, RF and CatBoost delivered ro-
bust but slightly less consistent results across the board, with
CatBoost performing particularly well in high-signal datasets,
meaning datasets where predictor variables show clear separa-
tion between outcome classes, low noise and missingness, bal-
anced subgroup representation, and minimal confounding, such
as DB3.

Model stability was characterized using (1) the standard de-
viation of AUC across bootstrapped evaluations and (2) system-
atic arbitrariness,® which quantifies prediction inconsistency
across model instances trained on slightly different samples.
Lower values indicate stable behavior under small perturba-
tions. DB6 exhibited low AUC but also very low arbitrariness
(3%), suggesting consistent yet underperforming models (see
Table 3). In contrast, DB4 showed high arbitrariness (51.2%)
despite moderate AUC, signaling hidden volatility likely driven
by heterogeneity or noise. The joint DB demonstrated high
mean performance and relatively low arbitrariness (13%), illus-
trating how harmonized multisource datasets can improve
model stability. These findings reinforce the need to assess
both accuracy and consistency when evaluating model reliabil-
ity for clinical applications.

Step 3: Subgroup disparities in
performance, stability, and consistency

We analyzed subgroup robustness by examining AUC disparities,
instability patterns, and self-consistency gaps across represen-
tation levels. Systematic arbitrariness quantified within-group
prediction instability, while Kolmogorov-Smirnov (KS) distances
between subgroup self-consistency distributions captured dif-
ferences in reliability between demographic strata (see details
in Supplementary Material S3).

Significant disparities emerged across multiple sociodemo-
graphic dimensions (Table 4). Sex-based performance gaps
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Table 2. Baseline sociodemographic characteristics of participants across datasets.

Feature DB1 DB2 DB3 DB4 DB5 DB6 Joint DB
(n=103) (n=181) (n=99) (n=50) (n=113) (n=144) (n=690)
Age (median = SD, years) 4+1.2 12+3.6 11+2.0 16x1.2 16+1.6 5+1.7 10+5.1
Years since diagnosis (median 1+.0 5+.6 5+.8 6+.7 7+4.3 2+1.9 4.8+3.8
+ SD, years)
Sex (%)
Female 51.5 42.5 50.5 46.0 52.2 50 48.4
Male 48.5 57.5 49.5 54.0 47.8 50 51.6
Unknown - - - - - - -
Race (%)
White 84.5 74.6 85.9 86.0 77.0 71.5 78.3
Black/African American 5.8 12.7 - - 8.8 15.3 8.8
Asian 1.9 2.8 2.0 4.0 4.4 0.7 2.5
American Indian/ - 1.7 1.0 0.9 0.7
Alaska Native
More than one race 7.8 6.6 10.1 10.0 4.4 9.7 7.8
Unknown - 1.7 1.0 - 4.4 2.8 1.9
Ethnicity (%)
Hispanic or Latino 14.6 144 8.1 8.0 22.1 11.1 13.6
Non-Hispanic or Latino 85.4 85.6 91.9 92.0 77.0 87.5 85.9
Unknown - - - - 0.9 1.4 0.4
BMI classification (%)
Normal weight 27.2 3.9 5.1 18.0 23.9 14.6 14.1
Overweight/obese 16.5 2.8 4.0 20.0 21.2 139 11.6
Unknown 56.3 93.4 90.9 62.0 54.9 715 74.3
Insurance type (%)
Public 22.3 19.9 10.1 10.0 43.4 354 25.2
Private 67.0 76.8 86.9 90.0 54.0 51.4 68.7
Both 8.7 1.7 3.0 3.0 2.7 10.4 4.8
No insurance 1.0 0.6 - - - 1.4 0.6
Unknown 1.0 1.1 - - - 1.4 0.7
Education level (%)
Less than high school - 1.1 - 8.0 14.2 0.7 3.3
High school graduate 8.7 26.5 5.1 10.0 44.2 47.2 26.8
Technical/Vocational 2.9 0.6 - - - - 0.6
College/Bachelor’s degree 35.0 29.3 40.4 26.0 20.4 28.5 29.9
Associate degree 10.7 9.9 3.0 2.0 9.7 7.6 8.0
Advanced degree 42.7 30.9 51.5 54.0 9.7 11.1 29.7
Unknown - 1.7 - - 1.8 4.9 1.7
Annual income (%)
<$25k - 2.2 - 4.0 5.3 11.8 4.2
$25k-$35k 3.9 2.8 2.0 - 15.0 5.6 5.2
$35k-$50k 9.7 5.0 3.0 - 15.9 17.4 9.4
$50k-$75k 12.6 8.3 5.1 8.0 13.3 20.8 11.9
$75k-$100k 17.5 14.9 17.2 12.0 115 16.7 15.2
$100k-$200k 32.0 315 343 38.0 22.1 18.8 28.3
$>200k 18.4 24.3 32.3 22.0 4.4 0.7 16.2
Unknown 5.8 11.0 6.1 16.0 12.4 0.3 9.6

Continuous variables are summarized as median + SD; categorical variables are shown as percentages.

appeared in 3 datasets, with consistently higher AUC for male
participants. Higher parental education and higher household
income were associated with improved performance in 2 indi-
vidual datasets and the joint DB. One dataset showed substan-
tially better AUC for privately insured individuals.

Importantly, these disparities remained across different sub-
group representation levels (see Figure 3A). For example, in
one dataset, the AUC for the male subgroup consistently out-
performed the female subgroup, even when using a training
set comprised entirely of female participants (100% F/0% M).
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In contrast, when the model was trained either on balanced
data (50% F/50% M) or exclusively on male data (0% F/100%
M), female AUC performance degraded notably (see Figure 3B).
This asymmetry reveals that data from certain subgroups con-
tributes more effectively to the model’s learning process—sug-
gesting unequal training value between subgroups.

Next, to evaluate the impact of subgroup representation on
model stability, we measure arbitrariness from 2 complemen-
tary perspectives: (1) the overall arbitrariness across different
representation levels and (2) subgroup-specific disparities in
systematic arbitrariness, quantified using the KS distance be-
tween the empirical cumulative distribution functions (CDFs) of
prediction self-consistency across subgroups. Overall arbitrari-
ness typically varied by less than 8% across representation. The
largest variation was observed in DB4, where overall arbitrari-
ness increased by up to 8% across representation scenarios
(Figure 4A). However, the subgroup-level analysis revealed more
pronounced disparities—particularly for sex, where the normal-
ized KS distance reached 12% in DB3 (Figure 4B). These results
highlight why aggregate metrics can obscure subgroup-specific
vulnerabilities.

Table 3. Predictive performance and model consistency
across datasets.

Dataset Mean AUC + SD Systematic arbitrariness (%)
DB1 0.805 + 0.046 31.8
DB2 0.722 £ 0.051 24.4
DB3 0.794 £ 0.050 324
DB4 0.734 £ 0.064 51.2
DB5 0.645 £+ 0.051 19.8
DB6 0.567 £+ 0.054 3.0
Joint DB 0.819 £ 0.017 13.0

Mean AUC and systematic arbitrariness for logistic regression models trained
on each dataset (N =50 repetitions per dataset).

Step 4: Actionable insights and mitigation
strategies from disparity patterns

The final step of our discrimination risk assessment framework
synthesizes the multilevel insights generated across previous
stages to support informed, actionable decisions. The introduc-
tion of training value as an operational metric provides practical
guidance for optimizing data composition. In synthesis, sub-
groups with low representation but high training value should
be prioritized during data collection and model refinement,
whereas subgroups whose inclusion does not enhance (or even
degrades) generalization must also be well represented, but
need further investigation—there might be issues of data qual-
ity, noise, or sampling bias.

Applying this framework to the databases, we study how
relying solely on performance metrics can obscure critical
dimensions of model behavior, as shown in Figure 5 for DB3
in the case of sex and for the joint DB in the case of age. In
one instance, despite stable classification accuracy across
subgroup proportions, the underlying prediction consistency
varied significantly—pointing to hidden instability not cap-
tured by AUC. In another, overall model reliability improved,
yet disparities in performance widened between subgroups,
revealing a disconnect between model robustness and out-
come equity. In light of the T1D validation examples, we pro-
vide targeted recommendations for mitigating discrimination
risk based on observed representation-performance patterns.
Specifically, in DB3 (sex), the configuration yielding the low-
est disparity metrics involved oversampling the male sub-
group at a 3:1 ratio relative to the female subgroup. This
suggests that higher male representation stabilizes model be-
havior and reduces intergroup performance divergence in this
dataset. Conversely, increased representation of females was
associated with amplified systematic arbitrariness (KS dis-
tance), indicating that current feature sets may inadequately

Table 4. Subgroup-level AUC disparities across representation levels and demographic attributes.

Dataset Attribute 0/100 25/75 50/50 75/25 100/0 Acute
risk disparity
DB1 Sex NS NS NS NS NS NS
Education **L<H **L<H **L<H **L<H **L<H **
Income *FL<H *FL<H **FL<H ***L<H ***L<H el
DB2 Sex NS NS NS NS NS rx
DB3 Sex ESM ESM ESM ESM ESM o
Education **L<H ***L<H **L<H ***L<H ***L<H *
DB4 Sex *F<M *F<M *F<M *F<M **F<M **
Education NS NS NS NS NS NS
DB5 Sex NS NS NS NS NS NS
Insurance ***PR>PU ***PR>PU ***PR>PU ***PR>PU ***PR>PU bl
DB6 Sex NS NS **F<M **F<M **F<M NS
Joint DB Sex NS NS NS NS NS NS
Income *FL<H *FL<H ***L<H **HL<H ***L<H el
Age ***C>A ***C>A ***C>A ***C>A ***C>A *kk
Time since Dx *FL>H *FL>H **FL>H **FL>H **FL>H ns

Notation indicates statistically significant differences (*P<.1; **P<.05; ***P<.01), with subgroup direction (eg, F < M indicates higher accuracy for males).
Abbreviations: A, adolescents; C, children; H, high; L, low; NS, nonsignificant; PR, private insurance; PU, public insurance.
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Performance comparison with Health Insurance as protected feature (left: Public, right: Private)
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Figure 3. Examples of persistent performance disparities across subgroup representation levels. (A, top) DB4: models trained primarily on privately
insured individuals consistently outperform those trained on publicly insured ones, with AUC gaps remaining stable across training proportions. (B,
bottom) DB6: male subgroup AUC does not exceed female subgroup AUC when males make up the entire training set (0% F/100% M). Notably,
female AUC performance drops substantially, with a pronounced disparity emerging in which models trained exclusively on female data (100% F/0%

M) achieve markedly higher performance for males than for females.

Arbitrariness & Subgroup Disparity by Educational Level
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Figure 4. Examples of arbitrariness and subgroup-level inconsistency across representation levels. (A, left) Maximum deviation in overall model
arbitrariness (DB4) for caregiver education. Normalized AUC-based arbitrariness shows a deviation of up to 8% across training representation levels
(0% to 100% low vs high education). (B, right) Maximum inconsistency between subgroups, measured by normalized Kolmogorov-Smirnov (KS)
distance. For sex in DB3, subgroup consistency diverges by 12%, with female predictions exhibiting greater internal consistency than male

counterparts.

capture predictive signals for this subgroup. We recommend
improving feature design or refining data collection for the fe-
male subgroup.

Similarly, in the joint DB (age), the lowest subgroup dispar-
ities emerged when the training configuration included only
children data. Increasing adolescent representation widened
stability and performance gaps, suggesting adolescent-specific
dynamics were insufficiently captured. Mitigation requires

targeted feature review or enhanced adolescent-specific data
acquisition.

These examples show that equal representation does not guar-
antee fairness: some subgroups contribute disproportionately to
model robustness, while others reveal structural data issues. The
framework therefore supports proactive strategies such as tar-
geted oversampling, stratified recruitment, subgroup-specific fea-
ture engineering, and strategic dataset design.
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Arbitrariness, Consistency & AUC Disparity by Sex
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Figure 5. Examples of performance parity and model instability under varying subgroup representation. (A, left) DB3 (sex): AUC disparity remains
stable across subgroup representation levels, despite variability in overall model arbitrariness and subgroup-level consistency (KS distance). (B, right)
Joint DB (age): AUC disparity increases even as overall arbitrariness and consistency disparity between age groups decrease, highlighting a

divergence between performance and model stability metrics.

Discussion

This study introduces a modular framework for discrimination
risk assessment in clinical ML, designed to uncover not only dis-
parities in predictive performance but also instabilities in model
behavior across subgroups and data configurations. By incorpo-
rating repeated sampling, ensemble training, and distributional
aggregation, the approach provides a more comprehensive di-
agnostic view than traditional single-model evaluations. Applied
across multiple real-world datasets, the framework reveals hid-
den consistency issues and subgroup-specific vulnerabilities
that standard metrics such as AUC often fail to surface.

A key contribution of this work is the explicit separation of
data representation effects from model behavior, operational-
ized through metrics such as systematic arbitrariness, training
value, and subgroup self-consistency. These measures enable
characterization of reliability—not only whether the model per-
forms well, but whether it behaves stably across demographic
strata. Our findings demonstrate that demographic balancing
alone does not guarantee equitable outcomes; subgroup-
specific instability can persist even under symmetric representa-
tion, aligning with emerging evidence of age-related bias in
health information technologies.®® By enabling multidimen-
sional subgroup evaluation, the framework supports earlier de-
tection of risks that would otherwise remain obscured in
aggregate validation metrics.

From an informatics perspective, the framework provides a
structured and transparent method for integrating fairness-
oriented diagnostics into standard ML validation pipelines, sup-
porting reproducibility, auditability, and governance-ready eval-
uation of clinical Al systems.®® It assists data curators in
assessing whether specific subgroups contribute meaningfully
to model robustness, informing recruitment or sampling strate-
gies. For model developers, it offers criteria for prioritizing when
disparities merit targeted interventions such as data augmenta-
tion, weighting, or subgroup-specific evaluation. More broadly,
it supplies data providers with practical guidance®-®? to avoid
upstream biases during dataset creation, improving the suitabil-
ity of real-world clinical datasets for downstream algorithm
development.®*5

While the framework is general by design, empirical validation
relied on T1D datasets and CGM-derived outcomes, which limits

generalizability of outcome-specific insights. The binary predic-
tion setting may not capture discrimination dynamics present in
more complex tasks, and some protected attributes could not
be evaluated due to imbalances in CGM monitoring duration.
Crucially, the framework requires adequate subgroup sample
sizes; smaller datasets limit analyses to coarse single-attribute
splits, whereas larger datasets permit fine-grained, multiattri-
bute stratification. When data sparsity is severe, training a reli-
able statistical model becomes fundamentally difficult, limiting
the feasibility of controlled subsampling. Additionally, while the
framework quantifies behavioral disparities, it does not estab-
lish causal mechanisms underlying them, which remains an im-
portant direction for future study.

Future work should explore applicability across broader infor-
matics contexts, including deep learning, unsupervised meth-
ods, reinforcement learning, and generative Al, where
discrimination mechanisms may differ. Furthermore, we should
examine how this framework can be adapted for postdeploy-
ment monitoring, as discrimination risk may emerge or change
over time due to data drift and evolving patient populations.®®
Validation in additional clinical and nonclinical domains—and
with multimodal datasets integrating structured data, imaging,
or clinical text—will be essential to fully assess generalizability.
These directions would broaden the framework’s generalized
utility and support its adoption as a standard tool for fairness
evaluation in diverse health-care Al systems.

Conclusion

Our framework introduces a novel and scalable approach for
discrimination risk assessment in ML pipelines that embeds sub-
group representation, model stability, and training value di-
rectly into the model validation process. In medical informatics,
3 persistent barriers limit equitable model development. First,
social determinants of health, including socioeconomic status,
insurance type, and caregiver education, remain vastly underre-
ported in clinical datasets and underrepresented in the design
of medical Al tools, including devices like continuous glucose
monitors. Second, while model validation protocols are gaining
sophistication, most remain narrowly focused on performance
metrics, with limited incorporation of fairness-aware model
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diagnostics. Third, when working with pediatric populations,
existing guidelines rightly call for special considerations in the
use of children’s data, but these do not yet extend to evaluating
discrimination risk, despite the fact that model bias may emerge
not only against the child, but also against caregivers, due to
intertwined sociodemographic and model dynamics. By embed-
ding such considerations into a unified validation framework,
we provide actionable guidance for developers, regulators, and
clinicians working at the intersection of pediatric care and ML.
This dual emphasis on rigorous, representation-aware validation
and data-efficient mitigation planning positions the framework
as a practical tool for advancing responsible Al within clinical
and medical informatics contexts.
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