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Abstract

Representation is a critical concern in the development, use
and decisions about AI. AI fairness and health equity research
present frameworks for representation that highlight underly-
ing structural issues (such as systemic discrimination) that go
beyond, yet also shape, both data and AI tooling. Still, there
is a lack of actionable methods to interrogate data representa-
tion and support critical reflection on its role in AI systems.
We propose a visual, data-driven approach that links deci-
sions about data representation to AI model performance
across subgroups. Our method consists of two plots: the rep-
resentation association plot, which shows whether subgroup
representation affects performance, and the representation ex-
pansion plot, which simulates how performance disparities
may change when expanding subgroup data. We apply our
approach to the Lifelines Cohort Study for two health eq-
uity use cases: early detection of diabetes and cardiovascu-
lar disease. The plots reveal that improving age representa-
tion may reduce disparities, while sex and education-based
disparities appear unrelated to representation in the dataset.
This approach has the potential to guide researchers in iden-
tifying when improving data representation may contribute
to reducing performance disparities, and when such efforts
are unlikely to be effective. As a critical but partial tool,
our approach should be embedded in broader inclusive re-
search practices, where representation extends to who defines
the data and determines whether and how AI is applied. Fu-
ture research should validate the actionability of insights with
users and priorities of those bearing the health burden.

1 Introduction
Representation is a critical concern in the development and
use of AI systems. Without it, patterns of systemic discrimi-
nation have been reinforced. For example, the Amazon case
illustrates how reliance on a hiring algorithm trained on bi-
ased data reflected and reinforced exclusionary practices,
especially in male-dominated industries (Dastin 2018). In
healthcare, the use of an AI system focusing on treatment
costs rather than healthcare needs reinforced the systematic
under-treatment of Black patients (Obermeyer et al. 2019).
This has been linked to a history of under-documentation
and symptom dismissal, which intersects with the under-
representation of Black healthcare providers in leadership
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roles (Obermeyer et al. 2019; Hoffman et al. 2016; van Ryn
et al. 2011). These cases demonstrate that representation in
AI is not simply about proportional inclusion in datasets,
but is deeply shaped by structural inequities that have deter-
mined who is included in the data, who creates it, and whose
priorities shape how AI systems are optimized and evaluated
(Chasalow and Levy 2021; Bergman et al. 2023).

Representation is likewise a central issue in health re-
search. Many global health challenges, from diabetes to
cardiovascular disease, disproportionately affect groups that
remain under-represented in research (Centers for Disease
Control and Prevention 2023; Tobb, Kocher, and Bullock-
Palmer 2022; Sardar et al. 2014; Chow et al. 2012). Unrep-
resentative clinical trials undermine validity and contribute
to health inequities, which are defined as the avoidable and
unjust systemic differences in health outcomes across pop-
ulation subgroups (Sharma and Palaniappan 2021; Turner
et al. 2022; World Health Organization 2024, 2025). This
disconnect raises concerns about the fairness and generaliz-
ability of research outcomes. Scholars emphasize the struc-
tural roots of exclusion and discrimination that drive these
disparities: from unequal access to clinical trials, which af-
fects who is included in health datasets (Bodicoat et al. 2021;
Kelsey et al. 2022; Ibrahim et al. 2021), to the evaluation of
how trial findings generalize across subgroups defined by
characteristics such as sex, educational attainment, or age
(Kent et al. 2020; Saria and Goldenberg 2015).

Both AI fairness and health equity research underscore
the need to recognize the multifaceted and contextual na-
ture of representation. While this takes representation be-
yond data imbalances, data remain significant, as both data
and data-driven AI mirror the choices, values, and practices
embedded in our society (Vallor 2024). Frameworks such as
those by Bergman et al. (2023) and Mccradden et al. (2023),
which adopt a broad, critical lens on representation, there-
fore highlight the importance of attending to data represen-
tation in AI. Clearly, such efforts must be situated within
sociotechnical contexts and treated as iterative processes,
rather than a one-time check or technical fix at the end of
development (Selbst et al. 2019).

Yet, operationalizing such an approach remains challeng-
ing. For example, Park et al. (2021), who examined the
often-overlooked issue of age-related under-representation
in AI datasets, stress the need to link critical data inspec-
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tions to actual differences in model performance. Receiving
systematically lower performance (with mistakes leading to
fewer benefits or more harms) is one pathway through which
health disparities can be reinforced or exacerbated. When is
data representation part of the solution, and when is it not?
How can we determine whether issues of discrimination are
embedded in the data or model, and whether improving data
representation is an effective strategy to address them? This
is particularly important in high-stakes domains like health-
care, where the increasing use of AI can reinforce or exac-
erbate existing inequalities in clinical decision-making (Yu,
Beam, and Kohane 2018; Haug and Drazen 2023).

Our work addresses this gap by proposing a visual, action-
able method to support responsible decision-making around
representation in AI. The approach is grounded in data anal-
ysis, yet critically attuned to the broader question of whether
data representation is a meaningful part of the solution. It
is aimed to enable researchers and practitioners to identify
when disparities in training data correspond to differences
in model behavior, and when improvements in data repre-
sentation are unlikely to make a meaningful difference for
equitable performance. We draw on insights from both AI
fairness and health equity research to develop and demon-
strate this approach, responding to calls for context-aware
analyses of representation (Bergman et al. 2023; Mccrad-
den et al. 2023; Chasalow and Levy 2021). Concretely, our
method centers on two diagnostic plots that support criti-
cal reflection on whether and how subgroup representation
influences model performance. Each plot corresponds to a
guiding research question:

RQ1 To what extent is subgroup representation associated
with model performance disparities?

RQ2 How does expansion of training data influence
subgroup-level performance disparities?

Understanding whether and how representation affects
performance is essential for deciding when improving data
is an effective lever for advancing equity, and when other
interventions may be required. We illustrate our approach
using the Lifelines Cohort Study across two use cases: early
detection of Type 2 Diabetes (T2D) and Cardiovascular Dis-
ease (CVD). These use cases involve AI models trained on
clinical cohort data to identify individuals at risk years be-
fore disease onset, enabling early intervention. We examine
how subgroup representation in the training data may affect
performance disparities related to gender, age, and educa-
tion.

The layout of this paper is as follows. Section 2 elaborates
on related work on representation in both AI fairness and
health equity research. Section 3 introduces our approach
with the plot design for each research question. Section 4
describes all elements for the empirical studies of early de-
tection of T2D and CVD, i.e. the data set, the operationaliza-
tion of representation analysis for gender, age and education
as well as the models and metrics. Section 5 discusses the re-
sults of both plots leading to actionable suggestions for both
T2D and CVD. Section 6 reflects on the main findings and
presents its limitations. Section 7 concludes.

2 Related Work
In this section, we position our work in relation to two bod-
ies of literature. The first concerns representation in health
equity research, particularly in biomedical science, which is
the domain of our two empirical use cases. The second fo-
cuses on representation in AI fairness and ethics. We explain
how our approach relates to existing work in both fields and
clarify the specific contribution of our visual method.

2.1 Health Equity
Representation has been widely acknowledged as a criti-
cal concern in health research. In their terms, equitable re-
search requires the inclusion of populations that bear the
health burden, yet many subgroups (such as those based
on socioeconomic status or ethnicity) remain underrepre-
sented in biomedical studies (Chaiyachati et al. 2022; Na-
tional Academies of Sciences, Engineering, and Medicine
2022; Oh et al. 2015). This under-representation leads to
unreliable treatment effects, unknown side effects, and ul-
timately lower care quality for these groups (Sharma and
Palaniappan 2021). Historically, clinical research has fo-
cused on relatively homogeneous populations, often white
and male, limiting generalizability and forcing clinicians to
extrapolate findings where evidence is lacking (Louie and
Wilkes 2018; Perez 2019; Santema et al. 2019). The con-
sequences include poorer health outcomes, increased mis-
trust in medical institutions, and widening disparities (Shar-
rocks, Camidge, and Papa 2014; Bodicoat et al. 2021). Be-
yond ethical concerns, addressing such inequities also yields
economic benefits: estimates suggest that reducing health
disparities could have saved the U.S. hundreds of billions
of dollars in recent decades (LaVeist, Gaskin, and Richard
2011; Bhatt et al. 2023; Roldós and Breen 2021; Nanney
et al. 2019).

In response, research on health equity has largely taken
two directions. One approach seeks to improve representa-
tion in health data itself, under the logic that you cannot ad-
dress what you do not measure (Bodicoat et al. 2021; Kelsey
et al. 2022; Ibrahim et al. 2021). However, these studies do
not make concrete what level of representation is necessary
to reduce disparities? Another common approach focuses
on representation in health outcomes. These studies aim to
evaluate biomedical findings across subgroups (also known
as subtyping), highlighting how treatment effects may differ
(Kent et al. 2020; Saria and Goldenberg 2015; Kent et al.
2010). Yet these approaches often do not address whether
differences are caused by under-representation or other fac-
tors, such as real variation in disease prevalence across sub-
groups, for instance, due to the role of socioeconomic com-
plexity in disease onset (Rothman and Greenland 2005; Fos-
ter et al. 2018; Wensink, Westendorp, and Baudisch 2014;
Vinke et al. 2020). Or recall the study of Obermeyer et al.
(2019) on structural under-treatment of Black patients; dif-
ferences in outcomes may also reflect historical biases em-
bedded in the healthcare system. In short, most studies fo-
cusing on subgroup performance leave open a critical ques-
tion: are disparities driven by under-representation in data,
or by other social and structural factors?
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There are few papers that (similar to us) recognize the ne-
cessity to bridge the focus on representation in health data
and disparities in health outcomes. For instance, Seyyed-
Kalantari et al. (2021) show how under-diagnosis in chest
X-rays relates to under-representation, though they do not
quantify that under-representation to guide design. Simi-
larly, Larrazabal et al. (2020) examine how imbalances in
medical image data affects diagnosis performance, but do
not distinguish performance effects from underlying differ-
ences in disease prevalence (an important factor in trial de-
sign (Gross et al. 2022)). Others stress the value of group-
specific models for diseases such as type 2 diabetes (Farran
et al. 2013), yet fall short of connecting this insight to con-
crete design recommendations.

Clearly, while these studies take important steps by link-
ing representation in health data to disparities in health out-
comes, they fall short in two key respects. First, they miss
actionability: they do not provide guidance on how to de-
termine which additional subgroup data could meaningfully
reduce under-representation and improve health equity. Sec-
ond, they rarely reflect on the limits of representation efforts
that focus narrowly on data inclusion. They do not explic-
itly activate researchers to question whether disparities are
in fact reducible through data alone. As an answer, this paper
offers a data-driven approach to help decision-making while
attuned to the limitations of data representation, namely the
question posed in our paper’s title.

2.2 AI Fairness
Within the domain of AI fairness and ethics, the term repre-
sentation is frequently put forward as a positive and neces-
sary goal alongside terms like bias and fairness, yet it often
remains ill-defined (Chasalow and Levy 2021). The com-
mon interpretation follows a statistical lens: whether data
and by extension the outcomes are generalizable, alluding
to statistical concepts of a representative sample and exter-
nal validity (Bergman et al. 2023).

However, interpreting representation purely as a statisti-
cal issue is increasingly contested. Representation, similar
to bias and fairness, only becomes meaningful when sit-
uated within a sociotechnical context (Selbst et al. 2019).
This broader view challenges the assumption that under-
representation should always be remedied by collecting
more data or adapting the algorithm (Davis, Williams, and
Yang 2021; Buolamwini and Gebru 2018; Miceli, Posada,
and Yang 2022).

To approach representation as a contextual, multifaceted
and power-laden concept, several important questions need
be raised: Representation in what? In the AI development
team, in the training data, in the evaluation benchmark, or in
the decision-making process? Representation for whom? Do
we look at the protected characteristics defined in discrim-
ination law, such as sex, ethnicity, and age, or do we begin
by examining the context and consult domain experts? And
representation for what purpose? Are we aiming to achieve
equal representation across all groups to comply with stan-
dards or regulation, or are we seeking to challenge the status
quo by intentionally amplifying marginalized perspectives?

In what follows, we discuss four influential papers from

the FAccT and AIES conferences that recognize the multi-
faceted nature of representation in AI and examine the role
of data therein. We position our approach in relation to their
work, while underscoring the originality of our contribution.

Chasalow and Levy (2021) trace representation to its his-
torical roots in both statistics (representative sample) and
politics (representative government). Thereafter, they elabo-
rate on key debates in AI ethics: on data (e.g. selection bias,
unfair representation), shifts (divergence between data dis-
tribution of training and deployment), participation (inclu-
sion beyond data subjects, e.g., in model design) and power
(focusing on data representation may distract from question-
ing the desirability of the technology). Above all, they lay
the conceptual foundation in AI ethics on the multifaceted
nature of representation, but do not yet operationalize this.

Bergman et al. (2023) build on the conceptual founda-
tion of the former and zoom in on representation for AI
evaluation. They propose the need for subject-domain repre-
sentation, emphasizing that representation should be instru-
mentally beneficial. They outline two conditions that come
from understanding the application domain: the identifica-
tion of relevant subgroups and a specification of meaning-
ful performance within that context. They also specify ten-
sions and limitations in realizing representation through data
and evaluation (e.g. access, surveillance and power), and
frame where and how in the AI pipeline subject domain-
representation could be included. However, they call for fu-
ture research to make the evaluation of instrumentally bene-
ficial representation operable.

Next to that, Mccradden et al. (2023) propose an ethi-
cal framework to stimulate the operationalization of medical
ethics and social justice in clinical machine learning. They
advocate for attention to representation in research teams,
consultation processes, data, evaluation, and across several
stages of the machine learning pipeline; from problem for-
mulation to critical reflection on representation in clinical
trials. They position their comprehensive, multi-step guide-
line as a starting point for value-based decision-making
around issues such as bias in healthcare AI.

Finally, Park et al. (2021) investigated the often-
overlooked issue of age representation in 92 face (AI) data
sets. Their analysis indicated an under-representation of
older adults and they elaborate on the specific challenges
and contextual needs for the specific subgroup in AI appli-
cations. However, they point to future research to make a
link between under-representation in data and performance
disparities.

Our work builds on the fundamental contributions of
Chasalow and Levy (2021) and Bergman et al. (2023) as our
visual and critically grounded approach assesses how data
representation affects AI outputs, while recognizing that rep-
resentation is more than data inclusion. We follow their em-
phasis on context and domain expertise by designing a visual
approach through a collaboration between AI and health ex-
perts, and demonstrate it through two use cases. The fact
that our plots are designed to link data representation to per-
formance disparities makes, them a concrete instantiation of
the instrumentally beneficial representation Bergman et al.
(2023) advocate for and is a direct call from what Park et al.
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(2021) leave to future research.
Our contribution complements the conceptual and step-

by-step frameworks of Bergman et al. (2023) and Mccrad-
den et al. (2023) by offering a concrete method for critically
examining data representation at various stages. Hence, the
originality of our work lies in the concrete operationalization
and demonstration of a critical approach to data represen-
tation; one that can complement and be integrated into the
broader conceptual frameworks proposed by related work.

3 Visual Approach
In this section, we propose two visual aids that support the
critical assessment of data representation within the context
of using AI for health equity. The first visual aid, called
the representation association plot centres on answering
the first research question (RQ1) on the relation between
(under-)representation and subgroup-specific performance.
The second visual aid, called the representation expansion
plot, zooms in on how expanding different subgroup data
influences any performance disparities, i.e. the second re-
search question (RQ2).

3.1 Terminology and Setting
To contextualize the proposed visual aids, we briefly define
key terms and introduce a practical example from biomedi-
cal AI. Imagine a cohort study used to train a machine learn-
ing model to detect a disease from clinical health data. The
target variable indicates whether a participant has or devel-
ops the disease. We define subgroup features as attributes
relevant to known health disparities, such as sex, ethnicity, or
socioeconomic status. For instance, studying whether under-
representation of female patients affects predictive accuracy
requires a subgroup feature that encodes sex. The base rate
of a subgroup refers to its disease prevalence (the proportion
of people that have the disease) or incidence (the propor-
tion of people that contract the disease within a period). We
assume a standard split between training and test sets: the
model learns associations from the training set and is evalu-
ated on the test set. For simplicity, we consider binary target
variables and binary subgroup features. (More on this choice
and its implications in Section 4.)

3.2 Representation Association Plot
We designed the representation association plot to exam-
ine whether under-representation in the data is the driving
factor, and therefore also a possible solution, for adverse
group-specific differences in the model’s outcomes. The rep-
resentation association plot is a curved line-chart where each
curve represents the performance on a test set and is accom-
panied by an error band (two standard errors) to illustrate
uncertainty. For a visual example along this explanation,
see Figure 1. The y-axis indicates the performance metric.
The defining feature of the plot is that this performance is
shown for different subgroup compositions in the training
set, which are indicated on the x-axis. In other words, the
plot is designed to show how different subgroup composi-
tions in the training data affect the model’s performance on
each subgroup in the test data. To isolate representation as a

possible driver of health disparities, the plot varies subgroup
proportions in the training set while keeping the base rate
and sample size constant.

The four-step procedure below illustrates how the plot is
constructed. Where helpful, we refer back to the practical
setting involving an AI diagnostic tool that considers two
subgroups: female and male participants.
1. Equalize data: The dataset is sampled to contain equal

amounts of data for each subgroup, while maintaining
constant proportions of the target variable. The major-
ity subgroup is under-sampled to match the size of the
minority subgroup for both outcomes. For example, the
subset of female participants (majority) is under-sampled
to match the number of male participants, with each sub-
set having the same number of individuals who did or did
not develop the disease.

2. K-Fold cross-validation: The equalized dataset is split
into k folds, keeping subgroup and target variable pro-
portions constant. In each iteration, k − 1 folds are used
for training and one fold for testing. For example, each
fold contains the same number of male and female par-
ticipants with and without the disease.

3. Different representations for training: In each cross-
validation iteration, (a predefined set of) varying sub-
group compositions are drawn from the training folds.
For example, training sets are constructed with 0%, 5%,
10%, . . . up to 100% female participants. While the
subgroup composition varies, the number of participants
with and without the disease remains constant.

4. Different subgroups for testing: Each representation set-
ting of the training set is tested on a separate test set for
each subgroup as well as a benchmark test set with the
proportions of the subgroups as observed in the original
data set. For example, each subgroup composition of the
train set is evaluated on a test set of only male partici-
pants, a test set of only female participants, and a test set
with 41% male and 59% female participants.

We emphasize the specific design choice to vary sub-
group representation while keeping both sample size and
base rate constant. This isolates the influence of representa-
tion from differences in disease prevalence or data availabil-
ity. To compensate for the under-sampling in step 1, we re-
peat the analysis 20 times, allowing us to use the full dataset
and capture uncertainty in the estimates.

To illustrate the actionable insights this plot can provide,
we describe three prototypical visual patterns (see Figure 1).
When curves overlap, performance is similar between sub-
groups (plot A). Vertical separation between curves indicate
subgroup performance differences (plot B). A sloped curve
indicates that representation impacts performance for the
particular subgroup (plot C). The benchmark curve (based
on original subgroup proportions) shows how much addi-
tional information is gained, or not, by examining the per-
formance for each subgroups relative to just analyzing a ran-
domly sampled train and test set. In more detail, the three
prototypical visual patterns are interpreted as follows:
1. Stable Similar Outcomes: No difference in performance

per subgroup and no association with representation. The
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Figure 1: Illustrating the actionable guidance of the repre-
sentation association plot: three possible visual patterns are
demonstrated on two example subgroups of the male and
female gender. To clearly show the three scenarios, the un-
certainty bandwidths are intentionally omitted.

overlapping horizontal curves provide no indication that
the data representation is an issue, for the given sample
size.

2. Stable Different Outcomes: Differences in performance
per subgroup are observed whilst there is no indica-
tion that differences stem from representation. The three
curves are horizontal with vertical differences. Depend-
ing on the magnitude of the vertical difference, this may
signal that the model is more capable for one group than
the other. However, no evidence suggests that under-
representation in the data is the driver of the difference.

3. Representation Dependent Outcomes: The sloped curves
indicate that performance disparities are dependent on
the representation in the training set. Where the curves
cross, the performance per subgroup is similar, but the
performance for each subgroup deteriorates as represen-
tation decreases. The slope of a curve indicates how
much representation matters for each subgroup.

3.3 Representation Expansion Plot
The representation association plot indicates whether rep-
resentation matters for a certain sample size. The next step
for a (biomedical) researcher examining data representation
is to determine what can be learned from the available data
and what additional data is needed to advance health equity.
The representation expansion plot therefore relieves the con-
straint of a fixed sample size and highlights the link between
under-representation and health disparities for varying sam-
ple sizes. We also relax the constraint of fixed base rates,
as acquiring additional subgroup data will follow its natural
base rate rather than a fixed experimental one. In the context
of AI development for disease detection, this means that dif-
fering disease prevalence between subgroups is consciously

incorporated into the investigation of which additional data
is needed to improve health equity.

To incorporate the additional aspect of varying sample
size, the representation expansion plot is a 3D-plot (see Fig-
ure 2). A 3D plot allows not only different compositions in
terms of subgroups but also different size of training data.
In particular, the x- and y-axis (“going left and right”) rep-
resent the amount of data points in the train set belonging
to one subgroup or another. The performance of the models
are projected on the vertical z-axis (“going up”) that form
a plane based on a grid of possible train set compositions.
We elaborate below the four steps of the experiment, where
each step is made tangible with an example based on two
subgroups: female and male participants.

1. Split the data: the data set is split with respect to the sub-
groups. For example, a subset of male and a subset of
female participants.

2. K-Fold cross-validation: both data sets are divided into k
folds using stratified sampling for the target variable. In
each iteration of the cross-validation process, k− 1 folds
are used for training and one fold is held out for testing.
For example, both subsets of male and female partici-
pants are randomly split into k folds whilst ensuring that
the ratio of participants that develop a disease and those
that remain healthy still reflect the same balance as in the
full subgroup data.

3. Create a grid of training set compositions: we sample
proportional subsets of the available training data for
each subgroup, for example, 5%, 10%, 20%, 50%, and
100%. That is, each entry in the grid would correspond
to a specific combination, such as 20% female and 10%
male, 20% female and 20% male, or 20% female and
100% male. Note that different combinations will result
in varying overall sample sizes.

4. Evaluate the combined training sets: for every combina-
tion in the training grid, a model is trained and evalu-
ated on separate test sets for each subgroup. For exam-
ple, each training set is tested on both a male-only and a
female-only test set.

As the 3D plot has two horizontal axes (x and y) repre-
senting sample sizes, any slice along x and z with a fixed
y (or y and z with a fixed x) can be seen as a 2D learn-
ing curve (Viering and Loog 2022). The slope of a learning
curve at any point indicates how much adding data boosts
performance, given the data already available. Similarly, the
representation expansion plot shows how much adding data
of one subgroup improves performance for that subgroup,
depending on existing data. It also reveals whether perfor-
mance of the subgroup is helped, is indifferent or hurt when
data from another subgroup is added. To illustrate the poten-
tial actionable insights the representation expansion plot can
offer, we present the three corresponding visual patterns in
detail in Figure 2.

1. Adding data of others helps: If it helps, then although
representation might matter, more data regardless of sub-
group is more important than subgroup specific data col-
lection. This is observed by a strictly increasing plane
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Figure 2: An illustration of the actionable insights provided
by the representation expansion plot: three prototypical vi-
sual patterns are presented, with performance measured by
AUC (ROC) for female and male participant subgroups.

that is highest when both training data sets are combined.
In other words, the motto “More is Better” is suggested
to fit the data collection procedure.

2. Adding data of others is irrelevant: If the performance of
a subgroup neither improves nor declines when data from
another subgroup is added, this offers valuable guidance
for resource allocation. For example, if performance for a
subgroup is already near optimal, efforts to collect more
data for that group can reduced in favor of subgroups
where additional data leads to gains. Visually, this ap-
pears as a plane that rises mainly in one direction (e.g.
along the x-axis), while increasing data along the other
(e.g. y-axis) has little effect, which suggests targeted, se-
lective data collection.

3. Adding data of others hurts: If it hurts, pooling data wors-
ens performance for at least one of the subgroups. This
is observed by a plane that is not strictly increasing and
where combining the full data sets shows sub-optimal
performance. In other words, the plot suggests data col-
lection for separate subgroup models, as the subgroup
synergy is so low that information from one subgroup
makes outcomes for another subgroup less effective.

As observed, each 3D plot shows only one subgroup’s
performance for all different training data compositions in
size and representation. Interpreting two planes in one 3D

plot is too complex.

4 Data, Models and Metrics
In this section we describe the empirical study that demon-
strates the potential of the proposed plots. We first elaborate
on the Lifelines Cohort Study (hereafter Lifelines) and the
subgroup-defining features which we apply our approach to
(Stolk et al. 2008). Then, we describe the models used for
early onset detection, the metrics for their evaluation and the
availability of data and materials.

4.1 Data Set
Lifelines is a multi-disciplinary prospective population-
based cohort study examining in a unique three-generation
design the health and health-related behaviors of 167,729
persons living in the North of the Netherlands. It employs
a broad range of investigative procedures in assessing the
biomedical, socio-demographic, behavioral, physical and
psychological factors which contribute to the health and dis-
ease of the general population, with a special focus on multi-
morbidity and complex genetics. Lifelines has three longitu-
dinal measurements between 2006 and 2023 (Scholtens et al.
2015). The time-span, large sample size and wide variety of
potential indicators make Lifelines a suitable fit for early de-
tection of diseases.

Similar to previous studies with Lifelines we include 139
potentially relevant variables for T2D and 142 for CVD
(van der Meer, Wolffenbuttel, and Patel 2021; van der Ende
et al. 2017). We primarily use the data from the baseline
measurement executed in 2006. Only the target variable that
measures whether someone develops T2D or CVD uses data
from the first follow-up measurement (performed between
2011 - 2013). The target variable is a binary variable that is
construed as 1 if a person without T2D or CVD at baseline
has developed T2D or CVD between baseline and follow-
up and 0 if a person without T2D or CVD kept this status.
Thus, we assess the capability of early detection by observ-
ing whether the model can predict development of T2D or
CVD solely based on data from 5 - 8 years prior. For CVD,
most people (86%) provided an answer (yes or no) to the sur-
vey question on whether they developed CVD between base-
line and follow-up. For T2D, only 8% answered the equiv-
alent survey question. Therefore, we have used WHO diag-
nostic criteria for T2D and clinical measurements of fasting
glucose levels (<7 or >7 mmol/l) and HBA1C levels (<48
or >48 mmol/l) to ascertain whether the participants were
diabetic at baseline and whether they developed diabetes
during the study (World Health Organization and Federation
2006; World Health Organization 2011). Both data sets are
highly imbalanced with base rates showing that only 1.02%
and 2.36% of the participants have developed T2D or CVD,
respectively. For more details on the base rate per subgroup
and descriptive tables of the data, see online Appendix A.

For missing data, we use the missing-indicator method
which assumes MCAR or MAR (Little and Rubin 2019;
Pereira Barata et al. 2019). Missing data in the categorical
variables is considered informative and captured as a sepa-
rate category Unknown. Missing data in numerical variables
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is encoded with a binary variable that has a 1 if the value is
missing and 0 if the value is observed. More information on
missing data can be observed in online Appendix A.

Although a variable for ethnicity is available in Lifelines,
there is not enough diversity for our approach to reliably es-
timate an association between data representation and per-
formance. Lifelines only has 1.3% non-Western Migrants
in the data set. This demographic is even under-represented
relative to the North of the Netherlands (3.2%) (Klijs et al.
2015). On the national level, non-Western migrants consti-
tute nearly 15% of the Dutch population, while the larger
cities have over 25% (Centraal Bureau voor de Statistiek
2024).

4.2 Features: Gender, Age and Education
We demonstrate the plots using three types of subgroups:
gender, age and education. We stress the need for diligent
consideration in selecting subgroups grounded in societal
relevance, domain expertise and the specific use case; this
approach is also championed by related work (Mccradden
et al. 2023; Bergman et al. 2023).

For gender, participants were asked in the baseline and
follow-up surveys to self-report their gender, with the avail-
able options being: Male, Female, and Unanswered. We
limit our analysis to the two self-reported categories: male
and female. We acknowledge that focusing only on bi-
nary, cisgender categories does not provide a full account of
gender-related health disparities. However, treating “Unan-
swered” as a distinct third category within a health ques-
tionnaire, as if it represents a gender identity beyond the
binary, is also criticized (Scott et al. 2025); doing justice
to gender diversity requires specific recognition and inclu-
sive options that reflect the gender continuum (Eliason 2014;
Frohard-Dourlent et al. 2017; Carrotte et al. 2016). Lifelines
has recognized this as well and has taken steps toward more
inclusive gender representation. For example, in their third
assessment (2019–2023), they expanded the gender options
in their questionnaire to better reflect gender diversity (Uni-
versity of Groningen; Lifelines 2025). Despite these limita-
tions, analysis using the male and female subgroups remains
relevant for illustrating the representation plots, especially
given the well-documented male-female biases in biomedi-
cal research (Holdcroft 2007; De Castro, Heidari, and Babor
2016; Plevkova et al. 2020).

Education is measured as the highest degree obtained. We
choose to inspect differences between participants having
obtained tertiary education or not, as people with tertiary ed-
ucation were over-represented in the Lifelines data set (Klijs
et al. 2015). A comparison of these two subgroups is also
socially relevant through linking education (although im-
perfectly) as a proxy for socioeconomic status (SES). The
health burden of non-communicable diseases such as T2D
disproportionately falls on individuals with low SES, while
medical researchers and their funders (those in positions of
power) tend to come from higher SES (Grintsova, Maier,
and Mielck 2014).

Age is registered in the number of years, ranging from
19 to 90. Based on related work, there is no clear cut-off
value as studies choose different thresholds such as 45, 50,

60, 65, 75 to denote middle-aged groups or elderly groups
(Koo et al. 2016; Yan et al. 2023). However, due to the de-
sign of Lifelines the proportion of participants aged 25-50
years are over-represented (Klijs et al. 2015). Therefore, to
find out the potential effect of this over-representation on
health disparities, we create two age groups: younger par-
ticipants with age below 50 and older participants with age
above 50 years.

In this work, we therefore use binary subgroup settings
for each variable, while acknowledging that gender, age, and
education exist on a continuum. The representation associ-
ation plot could include more lines indicating the perfor-
mance of more than two subgroups, such as multiple age
brackets, education levels and gender identities. However,
for the key component of the plot where the training data
composition gradually changes, the current implementation
compares one subgroup of interest to the rest. Since for two
subgroups, the other subgroup constitutes “the rest”, only
one plot is needed. In the case of more than two subgroups,
a separate plot for each subgroup against the rest can be es-
timated. For age and education, we construed the variable
as the one known or likely to be under-represented and plot
it against the rest. For gender, we use the two feasible sub-
groups available in the cohort and have excluded those who
did not answer. For many demographic subgroups, such as
gender and ethnicity, this may still simplify the complexity
of identity. One may identify as Black, Brown and Western
simultaneously, or be gender-fluid. Although we acknowl-
edge the drawbacks such as exclusion or misrepresentation
that can come from such simplification, we argue it remains
sufficiently relevant for a useful illustration, given that our
choices are grounded in societal relevance and the specifics
of the cohort in question. Naturally, this only holds as long
as we remain aware of its limitations; therefore, we return to
this point in the Discussion.

4.3 Models and Metrics
We demonstrate our approach with two models for data-
driven early detection: Logistic Regression (LR) (Hosmer
2000) and Extreme Gradient Boosting (XGB) (Chen and
Guestrin 2016). LR and XGB are commonly used in com-
putational medicine and diagnosis of CVD and T2D (Dinh
et al. 2019; Abdalrada et al. 2022; Chaki et al. 2022; Lai
et al. 2019).

LR is a classification model with logistic loss. In this pa-
per, we use regularized logistic regression that aims to fit the
target variable and features with coefficients in a linear log-
likelihood whilst reducing the chance for overfitting with a
L2 (quadratic) penalty term on coefficients (Hosmer 2000).

XGB is an efficient implementation of a gradient boost-
ing algorithm where the iterative addition of classification
and regression trees (CART) is the core principle (Chen and
Guestrin 2016). Regularization is applied to reduce overfit-
ting via a regularization term and a shrinking learning rate.

To evaluate the models, the Receiver Operating Curve
(ROC) is used. The area under this curve, AUC ROC or
AUC in short, represents the sensitivity (also known as re-
call) and 1 − specificity for all possible thresholds. This
measure is commonly used for evaluating machine learning
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models, as well as the detection of diseases (Alaa et al. 2019;
Dinh et al. 2019).

Moreover, to ensure that the performance metric estimates
are based on sufficient cases of people developing the dis-
ease in the test set, we choose a relative low number k = 3
for the k-fold cross-validation (He and Ma 2013).

4.4 Availability of Data and Materials
Lifelines data are not publicly available. Researchers can
apply to use the Lifelines data used in this study. The
specific dataset and code of this study are preserved
at Lifelines Biobank server, section (OV19 0514).
More information about how to request Lifelines
data and the conditions of use can be found on:
https://www.lifelines-biobank.com/researchers/working-
with-us. The general code for the plots, additional results
and descriptive statistics are all available in the online
Appendix A at: https://github.com/vethman-s/aies-2025-
data-representation.

5 Results
This section presents findings from using the plots to analyze
early detection of T2D and CVD. We begin by highlight-
ing key insights from the representation association plot and
explain how its interpretation helps to address RQ1: does
shifting subgroup representation in the training data affect
performance? We then turn to findings for RQ2, drawn from
the representation expansion plot, showing how it can in-
form potential next steps.

5.1 Representation Association Plot
For the discussion of results coming from the representation
association plots, we showcase the results for both use cases
CVD and T2D. Given the similarity of results, we showcase
only the results of XGBoost, whilst results of Logistic Re-
gression are found in the online Appendix A.

Cardio Vascular Disease The results for CVD are shown
in panels A to C in Figure 3, which showcase two visual
patterns. In panel A concerning Age the plots show crossing
curved lines and therefore indicate a visual pattern close to
that of Representation Dependent Outcomes. Where a train-
ing set of mainly older (younger) patients leads to substan-
tially better early detection of cardiovascular diseases for
older (younger) people relative to younger (older) people.
The curvature of the lines displays that the marginal benefit
of changing the composition of training data is dependent on
the level representation.

To further interpret that finding, we highlight that the early
detection on older people (the red line) has the upward slope
between training data compositions with 0% to 50% of older
people, whilst any representation above 50% shows a nearly
horizontal line. The blue curve (younger people) is stable
between training data compositions with 0% and 60% older
people, and only descends thereafter. This indicates that the
model does not learn additional subgroup-specific informa-
tion for older people when at least 50% of the data consti-
tutes of older people and for younger when at least 40% of
the data constitutes of younger people.
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Figure 3: Representation association plots showing AUC-
ROC performance for CVD (left) and T2D (right).

Furthermore, plot A illustrates how including a bench-
mark curve for a random sample highlights the impor-
tance of evaluating subgroup-specific outcomes. For exam-
ple, if model performance had only been assessed on av-
erage rather than per subgroup, important disparities would
be obscured. In a case where only 10% of participants are
older adults, the model’s ability to detect CVD early would
be substantially overestimated for older individuals and un-
derestimated for younger ones.

For panels B and C, concerning Education and Gender,
the curves are horizontal and therefore show no indication
that training data composition drives performance differ-
ences between subgroups. There is, however, a vertical gap
between early detection of males and females (Panel C)
and slightly smaller in magnitude between the detection for
those with and without tertiary education (Panel B). This re-
sembles most closely the visual pattern of Stable Different
Outcomes. In other words, the plots visualize that there is no
indication that under-representation of the under-performing
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subgroup is the driver for these gaps.
Thus, in terms of what data representation may offer, the

plots suggest that for age, an ideal representation constitutes
of 50-60% people above 50 and 40-50% people below 50.
For Gender and Education, there is no indication that im-
proving data representation may offer solution for the dif-
ferences in subgroup performance.

Type 2 Diabetes The results for T2D in panel D to F in
Figure 3 show all three visual patterns. The representation
association plot in Panel F displays the horizontal overlap-
ping curves of Stable Similar Outcomes, i.e. no indication
that performance differs per subgroup nor that representa-
tion in training data affects subgroup-specific outcomes.

The visual pattern of Stable Different Outcomes in panel
E indicates that the models are better in detecting T2D early
for people with tertiary education relative to those without,
based on the measurement of AUC ROC. Similarly, plot D
demonstrates that detecting T2D in younger people has a
higher AUC ROC regardless of the representation in train-
ing data. Plot D and E also are suitable examples to stress
that researchers need to interpret confidence intervals within
the context of the use case. To elaborate, we observe in plot
D that the confidence interval for younger around 0.96 does
not overlap the confidence interval for older around 0.94.
However, one needs to consider whether this difference in
performance is substantial enough to be clinically relevant
when using the model in practice (Wasserstein, Schirm, and
Lazar 2019). Especially given the fact that the interpretation
of absolute values of the AUC ROC require caution as it is
slightly dependent on the class imbalance (only 1.03% de-
velopped T2D) (Davis and Goadrich 2006; Abdalrada et al.
2022). In other words, the patterns are a guideline for inter-
pretation rather than that identifying the “right” visual pat-
tern is a goal on its own.

To sum up, based on the representation association plots
for T2D, no clear suggestions are raised that improving data
representation is priority for limiting health disparities in
terms of age, education or gender.

5.2 Representation Expansion Plot
For the representation expansion plot, we highlight its poten-
tial based on health disparities for age as they were indicated
to be dependent on representation.

Cardio Vascular Disease Figure 4 shows four sets of rep-
resentation expansion plots. Panel A and B visualize the
AUC ROC of early detection for younger and older people
who develop a CVD, respectively. Here we see an indica-
tion that group dependent information is key for achieving
the highest possible performance. The AUC plane predom-
inantly rises for the subgroup older (younger) when train-
ing data concerning older (younger) participants is added.
We see the plane only slightly rising, the color only slightly
darker, when adding training data from the other subgroup.
The performance on the younger (older) people does not
increase nor decrease when adding training data of older
(younger) patients. In other words, the plots demonstrate the
visual pattern of Adding data of others is irrelevant.
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Figure 4: Representation Expansion Plots for age subgroups:
CVD (top) and T2D (bottom). AUC shown by plane color,
from blue (low) to dark red (high).

Panel C shows a dark-red peak when all data is added to
the model which indicates the visual pattern of Adding data
of others helps. Whether you move left or right along the
axes, the plane rises. In other words, adding more data of
younger or older people helps the model to increase perfor-
mance for early detection for younger people.

In Panel D, we see the visual pattern where Adding data of
others hurts. This is visible by the dark red peak in the right
upper corner of the plot, where the training data constitutes
the maximum amount of older people and minimum amount
of younger people. In other words, the ability of Logistic Re-
gression to aid early detection for older people deteriorates
when adding training data of younger people.

In conclusion, the plots suggest that group-specific infor-
mation is vital such that separate models for subgroups is a
viable option. When Logistic Regression is chosen, a sepa-
rate model for older people is even strongly advised.
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Type 2 Diabetes For T2D, the plots E, F, G and H indi-
cate that the value of additional data regardless of subgroup
membership is greater than the value of subgroup-specific
information. Similar to plot C for CVD, the visual pattern
suggests that Adding data of others helps. This is not sur-
prising, given the weak to no indication of representation
dependent outcomes for T2D in Figure 3 panel D.

Thus, for T2D, the plots suggest that no immediate
subgroup-specific data collection is needed from a health eq-
uity standpoint. Instead, expansion strategies may focus on
increasing overall data volume (as this still improves model
performance) or on acquiring data for relevant subgroups
beyond age, education, and gender that were too underrep-
resented to be included in the analysis. In the case of early
detection using Lifelines data, this includes ethnic minority
groups in the Netherlands.

6 Discussion
This section discusses overarching insights, recommenda-
tions and limitations of our research.

First of all, we emphasize that the visual approach is
aimed to support more critical decision-making about data
representation, not a stand alone solution for AI fairness or
health equity. The plots may indicate that an AI substan-
tially under-performs and therefor may adversely affect a
certain subgroup, and highlights whether this is related to
data under-representation. Such a signal could be sufficient
reason to take action, question the use of the AI or reconsider
the data used to train it. However, the reverse is not nec-
essarily true: the absence of an signal (the plots indicating
there are no subgroup performance disparities) is not suffi-
cient to conclude that no issues exist. From this, we could
only infer that no health disparities are measured within the
AI outcomes or with the specific metric chosen. Hence, for
application of our visual approach, we stress the need for
complementing mixed-method approaches where qualitative
methods such as interviews and focus groups can capture
the nuance that quantitative data cannot (Bates et al. 2020).
Think also of the calls for participatory methods to co-define
the goals of the AI, which data to include, and how the AI
is evaluated (Bondi et al. 2021; Costanza-Chock 2020) or
more particular in the domain of clinical trials, the partic-
ipation of subgroups to identify blind spots in their design
(Wallerstein et al. 2017; Dion et al. 2021). Such embedding
is crucial to circumvent that our visual approach may dis-
tract from the important zero-question also highlighted by
(Mccradden et al. 2023; Bergman et al. 2023; Chasalow and
Levy 2021), does it serve under-represented groups at all
that this AI is developed?

Furthermore, within appropriate embedding, our visual
approach has the potential to support concrete action. For
instance, the severe under-representation of people with an
immigration background in our use cases made it impossi-
ble to estimate any performance disparities, let alone their
association with under-representation. This could motivate
collaboration with clinical cohorts in more diverse regions
of the Netherlands, as conclusions based on Lifelines may
be extrapolated to the whole of Netherlands. In addition,
when sufficient data for the visual approach is available for

a still under-represented subgroup, the plots can suggest a
concrete proportion to strive for, reducing guesswork in next
steps. Given the persistent challenges for achieving clinical
diversity (Bodicoat et al. 2021), our approach offers repre-
sentation targets tied to potential performance gains, which
provides an alternative to the potential paralysis of striving
for unattainable equality across all subgroups. However, we
stress that claims about supporting concrete action should
be strengthened by further research. This could include user
studies with researchers, or involving representation advo-
cates working on specific challenges such as diabetes and
cardiovascular disease, to assess whether visual examination
of data representation is a useful addition to their toolkit.

Next to that, while we have elaborated on our reason-
ing behind the binary subgroup comparisons, we acknowl-
edge that this remains a simplification. The representation-
association plots may not fully capture the complexity or
intersectional nature of identity groups. Future work should
explore whether and how this method continues to add value
when applied to real-world cases with more granular or in-
terwoven subgroup dynamics. It may be that data-driven
methods are not suitable for certain small minority groups,
as these approaches rely on estimating averages and certain-
ties based on sample size. In such cases, inclusion in design
and evaluation processes (with actual power in decision-
making) may be more important than additional data col-
lection (Costanza-Chock 2020; Ovalle et al. 2023).

Finally, we also encountered potential technical and op-
erational limitations. As the plots evaluate multiple train-
ing data compositions, applying them to larger datasets or
more complex models may require significant computing re-
sources. Nonetheless, our implementation on Lifelines data
(within a secure, offline environment with bounded comput-
ing power) demonstrated that our approach was still feasible.

7 Conclusion
Addressing under-representation in AI, especially in health
contexts, requires looking beyond proportional inclusion
and calls for reflection on what has impact. This study exam-
ines how data representation relates to AI model outcomes
that affect people’s lives. Is the model’s under-performance
on a subgroup related to their representation? Is expanding
the data to include more examples from the subgroup an ef-
fective strategy? Our visual approach allows users to reflect
on their decisions about data representation by answering
these questions. Using two use cases, early detection of di-
abetes and cardiovascular disease, we showed how the plots
can help identify when data representation may reduce per-
formance disparities, and when adaptations in representation
are unlikely to be effective. Notably, the plots revealed that
for cardiovascular disease detection, improving age repre-
sentation may reduce disparities and suggest group-specific
data expansion, while sex- and education-based disparities
appeared unrelated to data representation.

We also recognize that meaningful inclusion in terms of
representation goes beyond data. Therefore, we position the
visual aids as part of a broader toolkit that takes data repre-
sentation as a central issue, yet does not blindly assume that
solutions are found by altering data composition.
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Positionality Statement
As our contribution engages with representation at the brink
of AI fairness and health equity research, we also reflect on
our own position as writers. We are a research team where
expertise in statistics, computer science, biomedical science,
personalized health care, and experience in AI fairness re-
search come together. We recognize a personal stake in this
research, shaped by experiences of diabetes and cardiovas-
cular disease in our families, and by encounters with soci-
etal bias in healthcare for deviating from the norm. Still, we
acknowledge our many privileges and the blind spots they
bring. We are all Dutch and have academic backgrounds.
As a result, our research focuses on visual tools for an
academic audience of AI and health researchers/practition-
ers, and draws on assumptions rooted in Dutch practices.
It does not directly engage with representation beyond an
academic focus and may be skewed toward Dutch (West-
ern European) views and values. As such, our contribution
lacks relevant international perspectives and the lived expe-
riences of diverse affected communities. We are aware of
these consequences. For example, the author’s presence in
employee resource groups and queer and activist commu-

nities helped clarify the limits of gender analysis based on
data with binary labels. However, more expertise and agency
from within the community would be needed to identify
which actions are most urgent for meaningful inclusion of
gender-diverse people.
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