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ABSTRACT

Introduction: Clinical trial endpoints are a ‘finite sequence of instructions to perform a task’ (measure treatment effectiveness),
making them algorithms. Consequently, they may exhibit algorithmic bias: internal and external performance can vary across
demographic groups, impacting fairness, validity and clinical decision-making.

Methods: We developed the open-source Detecting Algorithmic Bias (DAB) Pipeline in Python to identify endpoint ‘perfor-
mance variance’—a specific algorithmic bias—as the proportion of minority participants changes. This pipeline assesses in-
ternal performance (on demographically matched test data) and external performance (on demographically diverse validation
data) using metrics including F1 scores and area under the receiver operating characteristic curve (AUROC). We applied it to
representative opioid use disorder (OUD) trial endpoints.

Results: F1 scores remained stable across minority representation levels, suggesting consistency in precision-recall bal-
ance (F1) despite demographic shifts. Conversely, AUROC measures were more sensitive, revealing significant performance
variance. Training on demographically homogeneous populations boosted internal performance (accuracy within similar
cohorts) but critically compromised external generalisability (accuracy within diverse cohorts). This pattern reveals an ‘end-
point bias trade-off”: optimising performance for homogeneous populations vs. having generalisable performance for the
real world.

Discussion and Conclusions: Consistently performing endpoints for one demographic profile may lose generalisability
during population shifts, potentially introducing endpoint bias. Increasing minority representation in the training data
consistently improved generalisability. The endpoint bias trade-off reinforces the importance of diverse recruitment in OUD
trials. The DAB Pipeline helps researchers systematically pinpoint when an endpoint may suffer ‘performance variance’ (i.e.,
bias). As an open-source tool, it promotes transparent endpoint evaluation and supports selecting demographically invariant
OUD endpoints.

Gabriel J. Odom and Laura Brandt contributed equally to this article.
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1 | Introduction
1.1 | Clinical Trial Endpoints as Algorithms

Much like in the treatment of other psychiatric and medical con-
ditions, opioid use disorder (OUD) clinical trials rely on specific
endpoints—measurable outcomes used to gauge the effect of an
intervention—when evaluating the safety and efficacy of medi-
cations, behavioural therapies and their combinations. However,
there is no objective ‘gold standard’ to evaluate if a patient has
recovered from OUD [1-3], and measures of treatment success
may include frequency of substance (non)use, abstinence peri-
od(s) length, craving for primary substance used and risk of re-
lapse, among others.

A clinical trial endpoint is determined by a finite sequence of
instructions for performing a task—and thus is an algorithm
[4]. For example, Krupitsky et al. [5] measured ‘confirmed ab-
stinence during study weeks 5-24’. In OUD clinical trials, ‘con-
firmed abstinence’ typically requires one or more urine drug
screens (UDS) negative for non-treatment opioids. Regarding
this example, the ordered set of instructions to calculate absti-
nence for a participant at trial completion is: (i) partition all clinic
visits into study weeks; (ii) for each study week, mark if the pa-
tient (a) supplied an opioid-negative UDS, (b) supplied a positive
UDS, or (c) failed to supply a UDS; (iii) for each patient, count
the number of weeks with exclusively negative UDS during the
20-week period from study week 5 to study week 24; and (iv)
mark the participant as ‘abstinent’ if they had 20weeks of ex-
clusively opioid-negative UDS, ‘non-abstinent’ otherwise. This
set of instructions is finite, having four steps. It is a sequence:
steps must be done in order. Each step is a set of instructions:
some involve informatics, chemistry or mathematics, but they
are instructions. This 4-step ordered set of instructions performs
a single task: mark if a clinical trial participant achieved ‘absti-
nence’ from opioids.

We acknowledge that describing endpoints as algorithms may
be unconventional outside computer science, but our use of
the term is precise: endpoints are finite, rule-based proce-
dures that transform raw data into clinical outcomes. The pur-
pose of this framing is not to conflate clinical endpoints with
computational Artificial Intelligence (AI) algorithms, but to
enable the application of established fairness diagnostics to
assess whether endpoint definitions systematically disadvan-
tage certain groups. As demonstrated in Odom/Brandt et al.
[6], most—if not all—clinical trial endpoints used to evalu-
ate treatments for OUD can be expressed as finite sequences
of data transformation and analysis instructions designed to
measure some indicator of recovery.

Thus, clinical trial endpoints function as algorithms and, as
a result, are susceptible to algorithmic bias [7-10], which we
define as ‘systematic deviation in algorithm output, perfor-
mance, or impact, relative to a contextually salient standard’
[11, 12]. When algorithms deviate from such a standard, their
performance varies across demographic groups in ways that
may affect fairness, validity, and subsequent decision-making.
In the context of clinical trials, we define this as endpoint
bias—a form of algorithmic bias that emerges when the se-
lection, definition or operationalisation of trial endpoints

systematically favours certain outcomes, populations or inter-
pretations over others.

1.2 | Our Perspective on Bias in Clinical Trials:
The Case of Performance Variance

We focus on a specific form of endpoint bias, performance vari-
ance, which we define as ‘a change [variance] in model per-
formance as the proportion of the samples shifts between the
minority and majority classes’. We take model performance to
mean measurable characteristics of the model, specifically met-
rics of error. The minority and majority classes are defined by
a demographic attribute of interest. Clinical trial demographics
are measured across many attributes, such as race, ethnicity,
age, sex (assigned at birth), income strata, education level and
others. Some of these are protected attributes [13], related to their
status in laws against discrimination.

We consider two definitions of ‘performance’

1. The ability of a model to predict data that resembles its
training data in terms of demographic composition, which
we refer to as internal performance (in)variance. This cor-
responds to questions such as ‘If an endpoint was validated
in a past clinical cohort, will it yield good model perfor-
mance when applied to a recently recruited cohort with
similar demographics?’

2. The ability of a model to predict data with a different
demographic composition, which we refer to as external
performance (in)variance. This addresses, for example,
whether an endpoint developed in a predominantly non-
Hispanic white cohort will generalise to a more diverse
population.

Here, bias does not imply intentional discrimination but rather
systematic differences in how endpoints perform across different
groups [14]. Just as predictive models can exhibit disparities in ac-
curacy depending on the demographics of the data they are trained
on [15-17], endpoint definitions can reflect underlying biases in
how treatment success is measured. For example, an endpoint
requiring prolonged abstinence based on UDS results may disad-
vantage participants with fewer resources for frequent clinic visits
[18-20]. These biases can have real consequences. If an endpoint
disproportionately classifies one group as ‘non-responders’ due to
structural factors rather than true differences in treatment effect,
it can lead to misleading conclusions about efficacy and reinforce
disparities in care. Recognising endpoints as algorithms allows us
to systematically examine whether definitions of treatment suc-
cess introduce disparities.

1.3 | The Detecting Algorithmic Bias Pipeline

The Detecting Algorithmic Bias (DAB) pipeline is an open-
source software tool (available in Python 3.12 at https://github.
com/CTN-0094/Pipeline) designed to detect whether clinical
trial endpoints for OUD exhibit performance variance—in
other words, whether an endpoint's performance metrics vary
as we shift the demographic makeup of a sample. Because
these endpoints define treatment success (e.g., ‘abstinent’ vs.
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‘non-abstinent’), each step in the DAB pipeline tracks how
well a given endpoint generalises across different protected
attributes (e.g., race/ethnicity, sex or age). Conceptually, this
pipeline works as an ‘assembly line’ of discrete steps, trans-
forming raw data into evidence about endpoint bias (see
‘Methods’ for details)—to see if the chosen endpoint's predic-
tive accuracy holds steady (performance invariance) or falters
(performance variance).

In practical terms, the DAB pipeline is suited to smaller,
fragmented datasets common in clinical research. We ac-
knowledge that in many Al/machine-learning (ML) contexts,
models have access to learn from tens of thousands of samples
or more from large hospital or census data sets, and the design
of a pipeline to detect algorithmic bias in that context would
be different. However, because the motivation of this work
was to help clinical trialists choose treatment outcomes based
on empirical properties (rather than historic prevalence, rea-
son or even whimsy), sample size limitations are built intrinsi-
cally into this pipeline. Rather than relying on large validation
sets, the pipeline is built on techniques in bootstrapping and
cross-validation. The result is a ‘portfolio’ of performance
metrics—both for internally matched participants (similar de-
mographics to the training data) and an external validation set
(different demographic makeup).

The DAB pipeline is provided as an open-source, reproducible
workflow that enables researchers to systematically evaluate
whether endpoint definitions exhibit performance variance
across demographic groups, thereby offering an empirical ap-
proach to detecting potential bias in treatment outcome mea-
surement. Although we demonstrate the DAB Pipeline using
clinical trial endpoints, the framework was designed as a me-
ta-AIl method to evaluate fairness and generalisability in AI/
ML applications more broadly. In this way, it provides a diag-
nostic tool for detecting performance degradation in imbalanced
or heterogeneous datasets and complements ongoing efforts to
build Al-enabled decision support systems in substance use and
addiction research.

1.4 | Study Aims

The goal of this study is to examine endpoint bias in OUD clin-
ical trials and introduce a framework for assessing its impact
on treatment evaluation. Specifically, we aim to investigate
performance variance as a key mechanism of endpoint bias,
focusing on how endpoint performance differs across demo-
graphic groups. In this application we focus on race/ethnicity
as the protected attribute of interest. We stress that this use
does not imply a causal interpretation; rather, race/ethnicity
functions as a grouping variable to test whether endpoint per-
formance varies across demographic strata. Using synthetic
cohort simulations, we demonstrate how the DAB pipeline
can quantify internal performance variance (performance on
demographically similar cohorts) and external performance
variance (generalisability to more diverse populations). By
recognising the algorithmic nature of endpoints and apply-
ing quantitative bias assessments, this study seeks to improve
the effectiveness of treatment outcome measurement in OUD
clinical research.

We provide Supporting Information detailing the develop-
ment process of the DAB pipeline for interested readers seek-
ing methodological insights and practical guidance: we discuss
our guiding philosophy for solution development (Section 1); we
contrast our approach—designed for clinical trials with limited
sample sizes—with a method typically used for larger datasets
(Section 2); we outline how the pipeline generates synthetic co-
horts (Section 3); and we demonstrate the pipeline's practical
utility by applying fairness diagnostics to two case studies of
commonly used endpoints (Section 4), highlighting its immedi-
ate applicability for clinical researchers.

2 | Methods

The DAB pipeline consists of three main components: inputs,
model evaluation, and outputs. Each component plays a crit-
ical role in assessing performance variance in clinical trial
endpoints. Details on our previous work that informed the de-
velopment of the DAB pipeline, as well as our guiding philos-
ophy for solution development, are provided in Section 1 of the
Supporting Information. For additional clarity, we contrast our
approach, detailed below, with a competing method, the ‘vir-
tual twin’ approach, in Section 2 of the Supporting Information.
Figure 1 provides a visual overview of the DAB pipeline, illus-
trating the process from data sampling to evaluation.

2.1 | The DAB Pipeline: Inputs
The DAB Pipeline takes three inputs:

1. A set of treatment outcomes;

2. A rich data set including binary protected attributes with
sufficient and independent features (including demograph-
ics, clinical information, behavioural assessments, genetics
measurements or other informative features or important
controls/confounding effects); and

3. A conceptual statistical, ML or AI model to predict the out-
comes from the independent features.

For example, the treatment outcomes: (1) could be the number of
study weeks until two consecutive clinic visits have been missed
(a metric for relapse) over a data set, (2) of male and female par-
ticipants of a specific clinical trial (e.g., CTN-0027 of Saxon et al.
[21]) using a predictive model that is, (3) a negative binomial re-
gression with stepwise feature selection.

2.1.1 | Current Default Values of the Pipeline

We use an existing clinical trials data set with sufficient sam-
ples across each of the protected attributes of interest, the har-
monised CTN-0094 data set (see Balise et al. [22] for metadata).
This is the largest public OUD clinical trial data set and includes
clinical cohorts from three clinical trials that tested the efficacy
of various medication-assisted treatments. It has 3560 sam-
ples across 23 tables in a fifth normal form database and seven
Supporting Information tables of engineered variables. This
database is harmonised, de-identified, open source and freely
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FIGURE1 | A visual overview of the detecting algorithmic bias (DAB) pipeline, illustrating the process from data sampling to evaluation. This
figure shows the ‘flow’ of the data, from creating ‘universes’ by random sampling to the modelling results for those universes. These model results

enable visualisation of performance variance of clinical trial endpoints due to changes in demographic composition within trial cohorts.

available in two data packages for the R programming language
[23, 24]. We focus on racial/ethnic minority status as the pro-
tected attribute of interest, so we note that there are 2484 non-
Hispanic white participants and 1076 participants belonging to
a racial/ethnic minority group in the CTN-0094 database. That
said, the DAB pipeline will work for any binary protected at-
tribute, and we are expanding it to account for continuous and
categorical protected attributes with three or more groups.

As discussed in Brandt/Odom et al. [18], there have been over
50 subject-specific clinical trial treatment endpoints published
since the 1970s, but there is no consensus on which endpoints
are ‘the best’ (or what that would mean). While this pipeline
supports the use of any subject-specific treatment endpoint, the
default choices include a representative sample of the endpoints
included in our CTNote library [6]. Specifically, we found that
the main characteristics of treatment endpoint algorithms can
be divided into two axes: the traditional groupings of abstinence,
relapse and use reduction, and also a novel dimension which
considers how many (few [1, 2] or many [3+]) UDS values are
used to make a clinical determination. We then overlaid binary
treatment endpoints onto a Latin Square lattice of these two axes
and chose representative endpoints for each cell in the square.
These endpoints are shown in Table 1.

2.1.2 | Choice of Model and Model Performance Metrics

Once we have selected the treatment outcome, protected attribute
and predictors, and conceptual model, we need to choose nu-
meric model performance metrics. For example, if the treatment
outcome was a continuously valued protein biomarker related to
substance use [25] and the conceptual model was multiple least
squares regression, then R Squared is the standard metric to mea-
sure model accuracy. However, if the treatment outcome was a
binary indicator of end of treatment abstinence and the concep-
tual model was logistic regression or a neural network, then area
under the receiver operating characteristics curve (AUROC) or

F1I score would be common metrics to measure model accuracy.
Under most circumstances, the metric should only be compared
as the protected attribute changes, but all other inputs (treatment
outcome, predictors and conceptual model) are held constant.

2.2 | The DAB Pipeline: Process

At this point, we have a treatment outcome of interest: a binary
protected attribute and other independent predictors, covariates
and recorded confounding variables; an appropriate concep-
tual predictive/regression model; and a metric to evaluate said
model's ability to predict the treatment outcome. We now give
the general process of how to assess the performance variance
of the treatment outcome to the protected attribute (details in
Supporting Information Section 3). For a visual overview, see
the DAB pipeline flowchart in Figure 1.

Step 1. (A) We start by drawing at random m samples to hold
aside as an external validation set. (B) Then, we randomly draw
n samples of the ‘minority’ category (based on the protected at-
tribute of interest) from the clinical trial data set, and we draw
2n propensity-score matched samples of the ‘majority’ category
[26]. To measure internal performance variance for similar data,
we then pretend that these n+2n samples represent all the par-
ticipants available for recruitment to clinical trials in this uni-
verse. To measure external performance variance for different
data, the models trained on subsets of these n + 2n samples will
be used to predict the m validation samples.

Step 2 (A) For both ‘performance’ definitions (‘ability to pre-
dict similar data’ and ‘ability to predict new data’), we begin by
‘recruiting’ clinical trial participants from the n+2n people in
our universe. The first synthetic clinical trial (cohort 1 for the
sample drawn in Step 1) will be all n minority persons and half
of the two sets of n majority persons; this will yield a clinical
trial cohort of size 2n with demographic parity. Using this 50-50
minority-majority cohort, (B) we create train-test data splits,
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(Step 3) build the specified prediction model, and (Step 4) mea-
sure its accuracy by the specified metric in both (A) the testing
data and (B) the external m validation samples.

To assess the impact of changing the demographics of the cohort
while minimising sources of additional variance, we perturb the
demographic composition of the protected attribute ceteris pari-
bus. Specifically, for the second synthetic clinical trial, we ‘change
the recruitment procedure’ of the ‘cohort’, replacing 5% of the mi-
nority persons with their propensity-score matched counterparts
from the remaining n majority samples. With this new 45-55
minority-majority cohort (cohort 2 for the sample drawn in Step
1), we repeat Steps 2B—4: we re-split the data, rebuild the predic-
tion model, and re-measure the model fit performance in the in-
ternal test and external validation data sets. We repeat this process
(for the third, fourth, fifth, etc. synthetic clinical trials) to create
cohorts with fewer and fewer minority participants.

2.3 | The DAB Pipeline: Outputs

As we slowly shift the clinical trial recruitment demographics
from complete 50-50 minority-majority parity to 0-100 ma-
jority dominance (Step 2) while holding all else constant, we
record the performance of the model built in Step 3 to predict
the endpoint of interest for the internal test data (Step 4A) and
external validation samples (Step 4B). If an endpoint maintains
near-constant model performance in the internal test data as the
demographic profile of the training and test data changes (for
the chosen protected attribute), then the treatment outcome is
internally performance invariant to the protected attribute (or
internally performance variant if the model accuracy changes).
If a treatment outcome maintains near-constant model accuracy
in the external validation data as the demographic composition
of the training and test data changes (for the chosen protected
attribute), then the treatment outcome is externally performance
invariant to the protected attribute (or externally performance
variant if the model accuracy changes).

3 | Results

The DAB pipeline creates tables of model performance statistics
across cohort prevalence levels for the chosen protected attribute.
Figures 2 and 3 visualise these effects for the representative treat-
ment endpoints introduced in Table 1. Figure 2 displays F1 scores,
which are the harmonic mean of precision and recall. We observe
that this metric remains relatively constant even as the percent-
age of minority samples shifts from 0% to nearly 50%.

Figure 3 focuses on AUROC, a measure of a model's overall
discriminative ability (ranging from 0.5 to 1, where higher is
better). In the Internal panels, AUROC rises as the cohort be-
comes more demographically uniform, indicating stronger per-
formance on data similar to the training set. However, in the
External panels—where the validation set's demographics re-
main fixed—AUROC declines under more homogeneous train-
ing data, suggesting poorer generalisability.

Our analysis reveals a clear pattern: F1 scores remain largely
unchanged across demographic compositions, whereas AUROC
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FIGURE 2 | F1 score stability across changing demographic compositions in opioid use disorder endpoints. This figure illustrates how changes

in the proportion of minority participants in the training data (x-axis) affect F1 scores (y-axis, range 0-1) for the endpoints listed in Table 1. The left

panel (‘External’) evaluates a validation set with a fixed 42% minority composition, reflecting approximate U.S. demographics in 2025, while the right

panel (‘Internal’) uses a matched test set whose demographics shift alongside the training data. Each open dot represents a randomly sampled ‘uni-
verse’, with solid (linear) and dashed (LOESS) lines showing best-fit trends. Colours distinguish two use cases: A strict abstinence endpoint (orange)
and a two-week relapse endpoint (purple; see Supporting Information Section 4 for more details). Despite varying minority proportions (0% to ~50%),

F1 scores remain relatively stable across all endpoints.

shows a dependence on the proportion of minority participants
in the training data. Put differently, homogeneous (predomi-
nantly non-Hispanic white) training sets lead to higher internal
performance but reduce external performance, whereas diverse
training cohorts yield better external validation results. Across
endpoint definitions, the trends are consistent: a trade-off emerges
between maximising model accuracy in internally matched test
data and extending that accuracy to external populations with dif-
ferent demographics. These findings underscore the importance
of recruiting diverse clinical trial cohorts to bolster real-world
applicability—even if it may reduce performance within the tri-
al's own sample. Additional use case results are presented in the
Supporting Information (Section 4).

4 | Discussion
Building on prior work to standardise and compare endpoint

definitions [6, 18, 27], the DAB pipeline is a systematic method
to evaluate whether endpoints exhibit internal or external

performance variance based on protected attributes such as
race/ethnicity, age and sex. By applying the DAB pipeline to a
range of UDS-based endpoints, we found that some commonly
used measures exhibited performance variance, meaning their
classification of treatment success changed as the demographic
composition of the sample varied. Importantly, the performance
of these endpoints differed when evaluated under internal ver-
sus external performance variance conditions—meaning that
an endpoint might appear unbiased within a given clinical trial
cohort but fail to generalise to broader populations.

It is important to note that detecting performance variance
does not mean an endpoint is inherently bad or invalid.
Endpoints may still be clinically useful, especially if they
are well aligned with a particular research question or pop-
ulation. For example, an endpoint that exhibits greater per-
formance variance across groups might nonetheless provide
valuable diagnostic insight within a specific subgroup, even
if its generalisability is limited. The purpose of the DAB pipe-
line is not to rank endpoints as universally good or bad, but
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FIGURE 3 | Area under the receiver operating characteristics curve sensitivity to varying minority representation in opioid use disorder end-

points. This figure shows how increasing minority composition in the training data (x-axis) impacts Area Under the Receiver Operating Characteristic
(AUROC; y-axis, range 0.5-1), a measure of a model's overall discriminative ability. The left (‘External’) panel again fixes the validation set at 42%
minority, while the right (‘Internal’) panel mirrors the training data's changing demographics. Colours distinguish two use cases: A strict abstinence
endpoint (orange) and a two-week relapse endpoint (purple; see Supporting Information Section 4 for more details). As minority representation in-
creases in the training data, internal performance (right panel) typically declines, whereas external performance (left panel) improves—highlighting
a trade-off between optimising results within a homogeneous cohort and maximising generalisability to more diverse populations.

to make explicit where and for whom an endpoint's perfor-
mance changes. Documenting these differences is essential
for ensuring fairness, transparency and appropriate endpoint
selection in trial design, even when endpoints remain valid for
narrower applications.

4.1 | Diverse Cohorts Needed

This finding underscores a fundamental trade-off between
clinical trial design and generalisability. Historically, trials
prioritised internal validity by recruiting homogeneous co-
horts—often young white males—to minimise variability and
maximise statistical power for detecting treatment effects [28].
While highly homogeneous cohorts may optimise endpoint reli-
ability within a trial, they risk producing biased or misleading
conclusions when applied to real-world, heterogeneous popula-
tions (see Figure 3). Conversely, recruiting a more diverse cohort
introduces greater variability, reducing power to detect small
treatment effects but enhancing the study's ability to predict

treatment outcomes in real-world populations. Our findings
support this shift in clinical trial philosophy [29]: as the pro-
portion of minority participants in the training data increases,
AUROC for external validation data improves, reinforcing the
need for diverse recruitment to enhance generalisability. The
DAB pipeline provides a systematic framework for evaluating
how endpoints behave under these different conditions, offering
research teams a tool for endpoint selection.

4.2 | Proposed Use Cases

The DAB pipeline's modular design allows researchers to vary
specific input components—I. treatment outcome, 2. predic-
tors, 3. protected attribute and 4. conceptual model and per-
formance metrics—while holding others constant. In the near
term, we recommend systematically varying one input group
at a time to evaluate different sources of performance vari-
ance. The pipeline excels at detecting bias due to overfitting,
leveraging multiple testing splits, validation sets and repeated
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random data resampling to rigorously evaluate endpoints and
conceptual models.

A primary use of the pipeline is assessing new and existing treat-
ment outcome algorithms for their appropriateness in OUD clin-
ical trials. Our repository includes commonly used endpoints
(e.g., abstinence, use reduction and relapse) measured across
binary, count and continuous scales. However, these are not ex-
haustive, and we recommend testing new endpoints for perfor-
mance variance before they are incorporated into trial protocols.
Retrospective analyses of endpoints from past studies—many of
which were chosen based on expert consensus rather than empir-
ical validation—can also benefit from this approach. By varying
the outcome definition while holding the data, conceptual models
and performance metrics constant, researchers can systematically
evaluate endpoint bias.

Another key application is examining whether endpoints val-
idated in OUD trials generalise to other substance use disorders
such as cocaine, methamphetamine, cannabinoids, alcohol, or to-
bacco. Many OUD endpoints rely on UDS, but UDS may not be
universally applicable across substance use disorders. By holding
endpoints, models and metrics constant while changing the data
set to a clinical trial for another substance use disorder with rich
UDS data, researchers can assess which endpoint characteristics
are UDS-dependent or substance-specific and which are general-
isable. Similarly, to explore performance variance across protected
attributes beyond race/ethnicity, the pipeline can be applied to
clinical trials with rich demographic and socioeconomic data.

Additionally, the pipeline has applications in Artificial Intelligence
(AI)/ML research by allowing for systematic variation of the con-
ceptual model and performance metrics. Its modular Python 3.12
architecture separates key steps—data pre-processing, model
training/tuning and performance evaluation—enabling research-
ers to isolate the effects of each. AI/ML researchers can I. assess
how different data pre-processing strategies affect model perfor-
mance while keeping the model and metrics fixed, 2. compare
various AI/ML or statistical models by holding pre-processing and
evaluation methods constant, 3. explore the impact of different
performance metrics, including accuracy, sensitivity, AUROC, re-
gression R?, pseudo-R? and novel metrics yet to be developed. This
last application is particularly relevant given trade-offs between
model performance and endpoint performance variance across
protected attributes. The pipeline enables us to investigate funda-
mental AI/ML questions in substance use disorder research, such
as how best to quantify and mitigate bias in predictive models.

Beyond evaluating existing endpoints, the DAB pipeline may
also support the development of novel or composite endpoints.
By systematically identifying where traditional endpoints ex-
hibit performance variance, researchers can combine insights
across multiple measures to design endpoints that better cap-
ture treatment effects across diverse populations. While clinical
trials still require a single primary endpoint, such an empirical
process could help trialists select more contextually appropriate
outcomes and motivate innovation in defining comprehensive,
fair and generalisable endpoints.

Although our demonstration centres on clinical trial endpoints,
the framework is agnostic to the underlying machine-learning

model and can extend to contexts such as large language mod-
els. In such applications, the endpoints correspond to predicted
next-word token IDs, the features are the vector representations
of preceding text, and demographic attributes could be drawn
from the author or the patient being described. The pipeline
could then be used to test whether predictions vary systemat-
ically by demographic group, which is particularly relevant as
zero-shot predictions from large language models are increas-
ingly proposed for use in clinical and psychological research.
This example illustrates the flexibility of the DAB framework
beyond clinical trial endpoints, underscoring its broader poten-
tial for evaluating fairness in AI/ML applications.

4.3 | Limitations

The DAB pipeline is a necessary litmus test of endpoint bias in
clinical trial contexts, but not a sufficient test by itself. It is im-
portant to note that while the DAB pipeline highlights where
endpoint performance differs across demographic groups, it
does not identify the causes of those differences. Attributes such
asrace or ethnicity are not causal in themselves but may serve as
markers for structural, socioeconomic, or health-related factors
that influence endpoint performance. Identifying these under-
lying mechanisms requires complementary methods, such as
causal inference approaches or qualitative investigation, which
are beyond the scope of the present work.

Moreover, the DAB pipeline is limited by the quality of the data
it receives and cannot detect biases introduced during data col-
lection. However, when used appropriately, it can identify bias
related to feature selection—though this requires thoughtful
preprocessing. Notably, while the absence of detected feature
selection bias does not confirm its absence, interdisciplinary
teams with diverse perspectives are best equipped to recog-
nise and mitigate such biases. The DAB pipeline provides one
diagnostic ‘pillar’ by quantifying performance variance in end-
points, but it cannot detect biases that originate upstream in trial
design, recruitment or data collection. Thus, bias detection must
be complemented by careful, interdisciplinary evaluation to
contextualise its impact on clinical decision-making, regulatory
approval and real-world treatment effectiveness. Human judge-
ment and stakeholder perspectives remain essential to ensure
that endpoints are both empirically robust and contextually fair.

5 | Conclusion

The DAB pipeline is a systematic, empirical approach to iden-
tifying performance variance in OUD treatment endpoints.
As an open-source software tool, it provides researchers with
a structured framework to assess endpoint performance across
demographic groups, revealing potential biases in how treat-
ment success is measured. The novelty of this work lies not in
showing that trial endpoints can differ across populations—a
point already acknowledged in the field—but in offering a trans-
parent, reproducible framework for diagnosing such variance
systematically. This contribution operationalises longstanding
calls for fairness and generalisability in trial design by provid-
ing a concrete tool to evaluate these principles in practice. Our
findings demonstrate that endpoint definitions vary in their
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generalisability, with some performing well within a given clini-
cal trial but failing to replicate across broader, more diverse pop-
ulations. By making the DAB pipeline publicly available, we aim
to foster transparency and accountability in clinical research.
While the tool cannot replace expert judgement it provides an
empirical foundation for evaluating endpoint fairness and guid-
ing discussions on improving trial methodologies. Ensuring that
treatment endpoints are both valid and representative requires
continuous scrutiny, empirical testing and engagement with di-
verse stakeholders, ultimately advancing the measurement of
treatment outcomes in OUD and beyond.
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