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ABSTRACT Healthcare disparities persist across socioeconomic boundaries, often attributed to unequal access to
screening, diagnostics, and therapeutics. However, this perspective highlights that critical biases can emerge
much earlier, during data collection and research prioritization, long before clinical implementation, particularly
in studies focused on molecular and omics data. A vast number of studies focus on collecting omics data, but the
demographic information associated with these datasets is often not reported, and when it is reported, it reveals
substantial biases. An automated analysis of 4514 PubMed-indexed omics publications from 2015 to 2024, ex-
amining reporting across multiple demographic dimensions, reveals limited reporting overall; for example, only
2.7% of studies report ancestry or ethnicity information and geographic origin reporting is limited to 2.5%. Anal-
ysis of large-scale datasets commonly used for model training, such as CellxGene and GEO, reveals substantial
population bias where European-ancestry data dominates. As biomedical foundation models become central to
biomedical discovery with a paradigm in which base models are pretrained on large datasets and reusing them
repeatedly for many different downstream tasks, they risk perpetuating or amplifying these early-stage biases,
leading to cascading inequities that regulatory interventions cannot fully reverse. We propose a community-wide
focus on three foundational principles: Provenance, Openness, and Reliability through Evaluation Transparency.
Together, these principles can help make biases and limitations more visible to model developers and users, sup-
porting more informed model development, evaluation, and deployment decisions in biomedical AI.

1 I Introduction

Healthcare disparities are especially visible among the ag-
ing population, with differences in lifespan and quality of
life largely shaped by socioeconomic status and geographic
location. Older adults in wealthier areas tend to live longer,
healthier lives compared to those in lower-income or under-
served regions [49]. A recent study examining the elderly
population in the U.S. revealed biological differences under-
lying racial and ethnic disparities in health, showing acceler-
ated aging among ethnic groups from lower socioeconomic
backgrounds [18]. Socioeconomic status is closely linked
to healthy aging. Common explanations for why greater
wealth improves health outcomes in later life include re-
duced stress, lower trauma exposure, decreased allostatic
load, and better access to timely, appropriate healthcare in
higher socioeconomic groups [35].

While considerable attention has been given to address-

ing healthcare disparities at the point of care, including
seminal findings that widely used clinical algorithms can
encode significant racial bias [41], less focus has been di-
rected toward upstream biases in the research enterprise
that ultimately influence which therapeutic options become
available and what guidance is provided when administer-
ing them. It is well established that, due to the high cost of
drug development, the industry operates within an incen-
tive system that prioritizes conditions affecting populations
with greater ability to pay [50]. The primary force behind
the industry is to create and deliver a continuous stream of
novel, patented, and medically attractive drugs while cap-
turing commercial value. Due to the enormous costs asso-
ciated with drug development, companies often face chal-
lenges in remaining cost-effective. Only in recent years has
the high-quality availability and advanced integration of hu-
man genetics and multi-omics technologies, enabling a bet-
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ter understanding of disease mechanisms, begun to drive a
new trend toward improved returns on investment [45].

We focus on the biases embedded in foundation models
and their potential impact as these technologies begin to
shape biomedical research and, increasingly, the broader
medical domain. These models are driving new paradigms
in medical AI, such as the generalist medical AI paradigm
[37], which seeks to replace task-specific models with a uni-
fied system capable of handling diverse clinical tasks across
multiple data modalities, and the virtual cell paradigm [6],
which seeks to simulate cellular behavior using genera-
tive approaches. However, the foundational datasets used
to train these models often exhibit significant geographic
and socioeconomic biases. For instance, individuals of Eu-
ropean ancestry account for over 78% of participants in
genome-wide association studies, despite representing only
16% of the global population [47]. If such biases are not
addressed at the source, they may propagate through the
research pipeline, leading to inequities that downstream in-
terventions, even if technically sound, cannot fully correct.

This perspective is structured as follows. We begin by in-
troducing the role of biomedical foundation models in dis-
covery. Next, we examine the datasets these models rely on
and the biases theymay carry.We then discuss how explain-
able AI (XAI) and benchmarking tools can help assessmodel
robustness and uncover bias. Finally, we propose a practical
framework to address these challenges.

2 II The Role of Biomedical Foundation Models in
Biomedical Research

Biomedical research focuses on understanding health and
disease and finding remedies to diseases. The rationale be-
hind the drug discovery process often involves a series of
critical research steps, beginning with the identification and
validation of disease-relevant targets, followed by the devel-
opment and optimization of therapeutic molecules.

During clinical development, the safety and efficacy of
the drug candidates are rigorously tested. Biomarkers of-
ten play a crucial role in identifying responsive patient sub-
groups, tailoring dosing regimens based on genetic profiles,
and enabling precise patient stratification—all of which in-
crease the likelihood of successful clinical trials while min-
imizing the risk of adverse effects. Since the completion of
the first human genome sequence over two decades ago
through the Human Genome Project, the landscape of drug
discovery has been fundamentally reshaped by genomics,
with a 2021 study counting 7712 approved and experimen-
tal pharmaceuticals associated with the advances initiated
by the project [20]. Genetic insights now play a pivotal role
not only in identifying new drug targets, but also in pre-
dicting drug efficacy and safety across diverse populations.
The growing recognition that genetic variation significantly
influences medication response—both in terms of effective-
ness and risk of adverse events—has fundamentally trans-
formed pharmaceutical development strategies. The drug

Warfarin provides a compelling illustration of this principle.
As the most widely prescribed oral anticoagulant globally,
Warfarin requires precise dosing due to its narrow thera-
peutic range and highly variable patient requirements. Al-
though algorithms incorporating genetic information have
been developed to optimize dosing, they are predominantly
based on European populations. For example, genetic vari-
ants that effectively explain Warfarin dose variability in
Europeans account for substantially less variability in pa-
tients of African descent. As a result, dosing algorithms de-
rived from European datasets often fail to provide safer and
more effective treatment across diverse ethnic groups [4].
Especially for complex diseases such as Alzheimer’s, it has
been shown that some treatments may affect certain an-
cestry groups more than others [58]. This underscores the
urgent need to identify genetic variants influencing drug
metabolism across global populations to support the devel-
opment of universally effective therapies.

Recent advances in omic technologies—particularly the
emergence of single-cell RNA sequencing (scRNA-seq)—are
adding powerful new layers of resolution to biomedical re-
search. These technologies are reshaping approaches rang-
ing from disease mechanism discovery and target identi-
fication to lead optimization and biomarker discovery. By
pairing cutting-edge computational tools with vast public
datasets, scRNA-seq enables a deeper, more precise under-
standing of disease biology at the cellular level, transform-
ing how therapeutic targets are identified and validated
[52].

Gene expression levels are influenced by genetic mu-
tations in enhancer and promoter regions, as studied in
transcriptome-wide association studies (TWAS) and expres-
sion quantitative trait loci (eQTL) analyses [7]. Transcrip-
tomic data has been shown to vary by ancestry group, both
in healthy and cancerous cells [27, 3]. Integrating multiple
ancestry groups in TWAS analyses can improve statistical
robustness [10]. Epigenetic effects also impact cellular ac-
tivity. Unlike genetic mutations, epigenetic modifications—
such as DNA methylation, chromatin remodeling, nucleo-
some positioning, and changes in noncoding RNA profiles—
are reversible and play a fundamental role in regulating
gene expression.

This wealth of biological information, whether available
as free text in books and journals or captured in struc-
tured forms (including genes, their variants and disease
associations, proteins, protein–protein interactions, small
molecules, transcriptomic data, and more), has been lever-
aged by numerous research groups to develop large-scale
foundation models trained on uni- and multi-modal data.
Examples include large language models (LLMs) trained
on extensive biological corpora, such as BioGPT [32]
and BioBERT [28]; models trained on massive protein
datasets to enable structure and function prediction, such
as ESM-3 [25] and AlphaFold 3 [1]; models trained on DNA
sequences and genomic variation, such as DNABERT [26];
models trained on human transcriptomic profiles (e.g.,
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scBERT [55] and BMFM-RNA [15]) or epigenomic profiles
(e.g., MethylGPT [56]); and models spanning multiple do-
mains, including multimodal and cross-species models (see,
e.g., [46, 59, 40]).

These foundationmodels are increasingly used to address
downstream tasks in biomedical research, including under-
standing disease mechanisms, discovering biomarkers for
prognosis, and supporting the drug discovery process. They
are becoming valuable resources in their own right. The
community continues to progress toward broader data cov-
erage and the integration of tools to create more powerful
multi-omic foundation models [14, 13], alongside stream-
lined environments that enable agentic workflows, where
intelligent agents autonomously deploy and refine these
models [60, 29, 62].

Recent work suggests that agentic AI in bioinformat-
ics can incorporate bias-awareness mechanisms, such as
fairness-aware learning and multi-agent coordination, to
mitigate known data biases [61]. However, the effectiveness
of such approaches remains dependent on the underlying
data and requires explicit design and evaluation to ensure
equitable outcomes across populations. As foundation mod-
els become central to biomedical innovation, their growing
influence highlights the need for careful scrutiny of both
the data they rely on and how these systems are deployed,
in order to mitigate bias and ensure equitable outcomes.

3 III Data Used in Foundation Models: A Potential
Source for Bias

At the core of the success of foundation models lies the
data itself—the essential fuel powering these systems. Large-
scale pretraining data is key to biomedical model perfor-
mance. A comprehensive list of datasets used in such mod-
els can be found in [59].

In this section, we examine various data types utilized
by foundation models and their potential population
biases. Here, we refer to bias as the systematic under-
representation of biomedical information characterizing
certain groups, such as ethnic populations, age groups, or
genders. We exclude ”batch effects,” common in omics data,
arising from differences in timing, personnel, reagents, and
instrumentation. These have been extensively studied (see
e.g. transcriptomic/proteomic [21] and microbiome data
[39]). As noted in [21], batch effects often confound hidden
biological heterogeneity. They are typically removed, as
they lack biological meaning. This is done via correction al-
gorithms or model architectures. For example, in single-cell
RNA-seq, read depth, a key technical variable, is explicitly
modeled [24].

In contrast, subpopulation effects are potentially biolog-
ically significant and should be preserved. Ignoring factors
such as sex, gender, or ethnicity, and their contributions to
health and disease, can lead to suboptimal results, analytical
errors, and potentially discriminatory outcomes.

Demographic information is rarely reported in omics

studies. To quantify this issue, we analyzed 4514 PubMed-
indexed omics publications published between 2015 and
2024 and assessed whether abstracts reported basic char-
acteristics of the study population, including ancestry or
ethnicity, geographic origin, and sex or gender composi-
tion (see Appendix A for methodology). Across all five ma-
jor omics domains, only 2.7% of publications report ances-
try or ethnicity information, 4.5% report geographic origin,
and just 3.1% report sex or gender composition. Report-
ing rates vary considerably by field, with genomics show-
ing the highest ancestry reporting at 6.0%, while transcrip-
tomics (0.6%) and proteomics (1.0%) rarely report it. These
findings, summarized in Table I, suggest that concerns re-
garding population bias extend beyond the composition of
individual datasets. Across omics domains, even the infor-
mation needed to assess representativeness is frequently
unavailable, limiting our ability to evaluate whether find-
ings and downstream models are likely to generalize across
populations. Beyond its implications for bias assessment,
this lack of demographic transparency also conflicts with
broader FAIR data stewardship principles, which emphasize
rich metadata and provenance as prerequisites for the dis-
coverability, interpretation, and reuse of scientific data [54].

Several limitations should be noted. First, the analysis
was based on abstracts rather than full-text articles, and
some demographic information may therefore have been re-
ported elsewhere. Nevertheless, abstracts typically empha-
size information that authors consider central to the study
and thus provide insight into reporting priorities. Second,
to assess annotation quality, we compared automated anno-
tations against blinded human annotations for a randomly
selected subset of 40 publications. While the automated ap-
proach showed a tendency toward under-detection of de-
mographic reporting, resulting in conservative prevalence
estimates, it rarely generated false positive demographic as-
signments and therefore is more likely to underestimate
than overestimate reporting rates. Finally, our analysis fo-
cused on demographic reporting and did not assess other
important determinants of health, including environmen-
tal exposures. A growing body of work demonstrates that
gene–environment interactions involving lifestyle, pollu-
tants, and socioeconomic factors substantially influence
molecular phenotypes and disease risk. Consequently, the
reporting gaps identified here likely represent only one com-
ponent of a broader challenge in capturing the contextual
information required for robust, reliable, and generalizable
biomedical AI [2, 53].

Demographic reporting rates across omics fields based on
automated text mining of 4719 PubMed-indexed abstracts
(2015–2024). Values indicate the percentage of publications
in each field reporting each demographic dimension.
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Omics Field Ancestry/ Geographic Age Sex/ Socio-
Ethnicity Origin Reporting Gender economic

Genomics (748) 6.0% 4.7% 2.1% 0.9% 4.1%
Transcriptomics (944) 0.6% 3.6% 2.8% 2.6% 0.0%
Proteomics (912) 1.0% 4.8% 2.2% 1.1% 0.0%
Epigenomics (917) 4.0% 5.0% 6.2% 4.3% 1.7%
Microbiome (993) 2.3% 4.2% 7.6% 6.1% 0.9%
All fields 2.7% (120) 4.5% (201) 4.3% (194) 3.1% (142) 1.2% (56)

Genomics: As previously discussed, models designed to
learn from genomic variation often rely on whole genome
sequencing data obtained from individuals. However, the
data available to date has been shown to have a skewed pop-
ulation distribution, over-representing certain groups while
under-representing others [19]. This imbalance limits the
model’s ability to generalize across diverse ancestries and
may result in biased genetic risk predictions ormissed thera-
peutic opportunities for underrepresented populations. For
example, polygenic risk scores estimate an individual’s ge-
netic risk for complex diseases by combining the effects of
many genetic variants identified through GWAS. However,
as noted above, most existing GWAS data comes from indi-
viduals of European ancestry, and studies have shown that
the accuracy of risk scores derived from such data declines
as the genetic distance from the GWAS population to the
target population increases [34]. This situation may deepen
health disparities between ancestral groups.
Transcriptomics: Bulk RNA-seq, and more recently,

single-cell RNA-seq (as well as single-nucleus RNA-seq),
have become key research tools in biomedical research.
Large databases, such as CellxGene, have emerged to
support this work [12, 44]. Treatment targets are often
selected based on studies that use these data to uncover
the mechanisms underlying various diseases. While Cellx-
Gene includes structured metadata fields at both the cell
and dataset levels, such as sex and self-reported ethnicity,
these annotations are inconsistently reported and remain
incomplete across a substantial fraction of datasets. Con-
sequently, the presence of metadata does not translate
into representative coverage, and CellxGene, the largest
known source of human single-cell RNA-seq data to date,
remains skewed toward samples from adults of European
or unknown ethnicity [44].
Epigenomics: Recent efforts have focused on learning

from DNAmethylation, ChIP-seq, and histone modification
data, which offer insights into gene regulation and cellu-
lar identity [16]. These datasets, however, also suffer from
population and tissue sampling biases. A related repository
that collects transcriptomic and epigenomic data is theGene
Expression Omnibus (GEO) [11]. A recent study assessed
whether GEO datasets reflect the diversity of the U.S. popu-
lation using DEI criteria (gender, ethnicity, ancestry, race).
The findings revealed that while many datasets displayed
balanced gender ratios, significant bias in ethnicity repre-
sentation was observed, with a predominance of White and
African American participants [22].

Proteomics: Similarly, protein-focused models face their
own limitations. Despite the large number of known pro-
teins, only a small subset is actively studied as potential

drug targets [9]. Unlike genomic or transcriptomic data, the
selection of proteins for study is often dictated by the avail-
ability of biological tools—such as antibodies or promoters—
that enable functional investigation in laboratory settings,
rather than by considerations of population diversity.
Microbiome: Microbiome profiles from various human

body niches (e.g., gut, vagina, airways) and environmen-
tal sources have become widely accessible, thanks to the
efforts of many research teams. These datasets span di-
verse age groups, genders, disease conditions, and anatomi-
cal sites. While computational methods have long been ap-
plied to microbiome data, only recently have foundation
models demonstrated the ability to enable precise and ef-
ficient microbiome-based classification and prediction [23].
A large-scale metagenomic assembly approach aimed at re-
constructing bacterial and archaeal genomes across multi-
ple populations, body sites, and host ages revealed substan-
tial phylogenetic and functional diversity—much of which
remains uncaptured, particularly from rare organisms, non-
stool sample types, underrepresented global populations,
and varied lifestyles [43].
Texts: Pre-trained language models are also subject to

bias. Studies have shown that these models tend to over-
represent dominant cultural and scientific perspectives,
while encoding biases that may marginalize underrepre-
sented groups [5]. In particular, a recent systematic review
revealed pervasive demographic biases in LLMs trained
on clinical notes, medical literature and guidelines, with
gender and racial/ethnic biases being particularly com-
mon [42]. This concern extends to biomedical applications,
where language models trained on biased literature may
perpetuate an overemphasis on data from individuals of
European descent. Consequently, such models risk rein-
forcing existing disparities in research and healthcare by
under-representing findings relevant to diverse popula-
tions.

To summarize, it is well known that current datasets con-
tain biases. Modern large models, with hundreds of millions
or even billions of parameters trained on massive datasets,
make identifying and tracking these biases particularly chal-
lenging.Their apparent success may be misleading and may
be mistakenly perceived as delivering objective truth.

Because all datasets are collected under practical, scien-
tific, and historical constraints, no dataset can fully cap-
ture the diversity of biological systems and patient popu-
lations. Consequently, transparency regarding data prove-
nance, study populations, and model behavior becomes crit-
ically important. Making these factors more visible can help
researchers better understand the scope and limitations of
foundation models, assess the contexts in which they are
likely to be reliable, and identify situations in which addi-
tional validation may be warranted. The next section dis-
cusses methods for uncovering and characterizing model
bias.

4 REVIEWED PREPRINT



OPEN RATIO Perspective on Bias in Biomedical AI Preventing Downstream Heal...

4 IV Interrogating the Models: XAI and Benchmarks

Explainable AI (XAI) technologies can support developers
in interrogating their models and uncovering potential bi-
ases. These technologies generally fall into three broad cat-
egories [33]: causal inference methods, inherently explain-
able models, and post hoc analysis techniques.

Causal inference methods use AI to infer causal relation-
ships and perform root-cause analysis.These approaches of-
ten assume that causal relationships are known and apply
weighting techniques to estimate causal effects. A recent
paper [57] demonstrated how the attention mechanisms in
foundation models can be leveraged to address causal ques-
tions at a larger scale and with greater generalizability than
traditional statistical tools. This emerging direction toward
causally aware foundation models is expected to gain in-
creasing attention [30].

Inherently explainable models, such as decision trees, of-
fer transparency in their decision-making processes, mak-
ing them more interpretable to human users. Post hoc anal-
ysis techniques aim to explain the outputs of complex, black-
box models after training. Unfortunately, foundation mod-
els often suffer from poor interpretability due to their intri-
cate and opaque architectures. A recent study on explain-
ability in LLMs reviews several established methods, such
as SHAP and attention mechanisms, while also pointing out
their inherent limitations [38]. SHAP (SHapley Additive ex-
Planations), a game-theoretic technique, assigns an impor-
tance value to each feature in a prediction, thereby quantify-
ing the contribution of individual inputs to the model’s out-
put. Furthermore, research has demonstrated that the data
generation process itself can influence the resulting expla-
nations, underscoring the critical need to examine and un-
derstand this process [36].

Explainability methods may also contribute to the iden-
tification of population-related biases in biomedical foun-
dation models. For example, if a model trained predomi-
nantly on data from a specific population systematically re-
lies on molecular features, genetic variants, or clinical cor-
relates that are unevenly represented across populations,
feature attribution approaches such as SHAP can help re-
veal these dependencies. Similarly, attention-based analy-
ses may identify biological signals that consistently drive
model predictions, while causal approaches may help distin-
guish population-associated correlations from biologically
meaningfulmechanisms. Although explainability alone can-
not establish the presence or absence of bias, it can provide
an additional layer of transparency that, when combined
with rich metadata and provenance information, helps re-
searchers evaluate whether model behavior is likely to gen-
eralize across diverse populations.

There is a clear need for further development of post hoc
methods specifically tailored to foundationmodels. Interest-
ingly, LLMs themselves may be leveraged to help explain
the reasoning behind the outputs of other black-box biomed-
ical models. However, to do so effectively, these LLMs must
possess sufficient domain expertise in biomedicine.

A widely used approach for evaluating algorithmic per-
formance in data science is the common task framework.
In this setup, participants develop models using publicly
available training datasets to perform a shared task—such
as class prediction or content generation. These models are
then submitted to a scoring system (the referee), which eval-
uates them on a hidden test dataset [17].

To assess biases in biomedical models more effectively,
we advocate for the development of targeted common tasks
and benchmarks. A recent meta-assessment of single-cell
analysis benchmarks found that, although many are repro-
ducible and make their code publicly available, they are of-
ten difficult to extend—particularly as new methods and
evaluation criteria emerge [48]. Moreover, to the best of our
knowledge, none of the currently available benchmarks are
specifically designed to rigorously evaluate aspects related
to population-based biases.

There are already platforms specifically designed to sim-
plify the creation and extension of benchmarks. For ex-
ample, the Open Problems in Single-Cell Analysis plat-
form is an open-source, extensible, and continuously evolv-
ing benchmarking framework that enables rigorous, quan-
titative evaluation of best practices in single-cell analysis
[31]. Another example is BenchEMark [8], a community-
driven infrastructure built to support continuous, auto-
mated benchmarking of bioinformatics methods, tools, and
web services. These platforms provide a strong founda-
tion for designing new benchmarks that explicitly assess
population-level disparities. Encouragingly, the community
is already moving in this direction—laying the groundwork
for more inclusive, transparent, and bias-aware evaluation
practices in biomedical AI.

5 V Recommendations

Data paucity remains a pervasive challenge in efforts to
capture biological complexity through pretraining biomed-
ical foundation models on raw laboratory data. While ini-
tiatives aimed at diversifying biomedical datasets, such as
inclusive genome sequencing roadmaps [19] and proteome
exploration efforts [9], are essential, they are often resource-
intensive and slow to implement. In the meantime, this pa-
per advocates for complementary strategies that focus on
making existing biases, and the complexways in which they
influence early stages of foundation model development,
more visible, thereby raising awareness and enabling more
informed choices.

We recommend that the foundation model development
community collaborate with key stakeholders across the
biomedical ecosystem, including clinicians, patients, re-
searchers, industry leaders, and regulators, to consistently
work along the following three dimensions:

Provenance: Capturing and reporting the origin of data,
including ethnicity, geography, and socioeconomic context,
is essential for assessing model generalizability and identi-
fying population-specific risks. Without this transparency,
AI tools risk reinforcing existing disparities. The CONSORT
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Guidelines [51], widely used in clinical trials, offer a model
for how provenance reporting could be standardized in
biomedical AI.
Openness: Open science practices and collaborative ini-

tiatives are vital for democratizing access to tools, datasets,
and evaluation protocols. These efforts foster transparency,
reproducibility, and accountability in AI development.
Reliability, Benchmarking and Evaluation Trans-

parency: Ensuring the reliability of biomedical AI systems,
including their robustness, consistency across populations,
and stability under distribution shifts, is critical for their
safe and effective use. Current benchmarks rarely assess
population-level biases. We advocate for the creation of
new, inclusive benchmarks that explicitly evaluate model
performance across diverse subgroups. Transparent re-
porting of evaluation metrics, especially those related to
fairness and equity, should become standard practice.

By embedding these principles into the AI development
pipeline, we can improve the visibility of biases and limi-
tations before models are widely deployed. This proactive
approach complements regulatory oversight and helps pro-
mote more transparent, reliable, and appropriately evalu-
ated biomedical AI systems.
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Appendix A Demographic Analysis Details

A1 Study Design and Data Source

To quantify demographic reporting practices in omics re-
search, we conducted a systematic analysis of PubMed ab-
stracts published between January 2015 and December 2024.
We queried the PubMed database using theNCBI Entrez Pro-
gramming Utilities via the Biopython library (version 1.87),
adhering to NCBI usage guidelines.

A2 Search Strategy

We analyzed fivemajor omics domains: genomics, transcrip-
tomics, proteomics, epigenomics, and microbiome research.
For each field, we searched for publications containing the
respective term (e.g., “genomics”) in the title or abstract and
indexed with the “human” Medical Subject Heading (MeSH)
term. Publications were stratified into three time periods:
2015–2019, 2020–2022, and 2023–2024. We retrieved up to
350 top-ranked abstracts (by relevance) per field per time
period, yielding 4719 abstracts with complete data (89.9%
retention rate from 5250 retrieved). Further analysis was
performed to identify duplications. 205 duplications were
found leading to a starting cohort of 4514 papers.

A3 Text Mining and Classification

We assessed five demographic dimensions using keyword-
based pattern matching with regular expressions: (1) an-
cestry/ethnicity (64 patterns), (2) geographic origin (9 pat-
terns), (3) age reporting (11 patterns), (4) sex/gender (10 pat-
terns), and (5) socioeconomic status (10 patterns). Keywords
included terms such as “multi-ethnic,” “European ancestry,”
“participants from [location],” “age range,” “sex distribution,”
and “socioeconomic status.” Each abstract was classified as
reporting (present) or not reporting (absent) each dimen-
sion based on case-insensitive pattern matching in the com-
bined title and abstract text.

A4 AIAssisted Analysis Development

The analytical framework and scientific questions were
defined by the authors. Large language models were used
as programming and research assistants to accelerate im-
plementation, including code generation, debugging, and
development of candidate extraction patterns (IBM’s BoB
(Build on Bedrock) and Anthropic’s Claude Opus 4.6). All
extraction rules, keyword dictionaries, validation proce-
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dures, and final methodological choices were reviewed
and approved by the authors. The resulting analysis was
performed using a deterministic rule-based text-mining
pipeline implemented in Python, ensuring that all reported
results are fully reproducible and independent of the
behavior of any specific language model.

A5 Statistical Analysis

Reporting rates were calculated as the percentage of ab-
stracts containing at least one keyword for each demo-
graphic dimension. We analyzed temporal trends across the
three time periods and field-specific patterns across the five
omics domains. Cross-tabulations examined the interaction
between field and time period.

A6 Validation of the Automated Text-Mining Pipeline

To assess the reliability of the automated extraction ap-
proach, we conducted a blinded validation study on a ran-
domly selected subset of 40 publications from the analyzed
corpus. Human expert annotations were independently gen-
erated and compared against the automated annotations for
both omics field classification and demographic reporting
detection.

For omics field classification, the automated pipeline
demonstrated substantial agreement with human annota-
tion Cohen’s 𝜅 = 0.78. Only a single complete disagree-
ment was observed. All discrepancies occurred in studies
involving multiple omics modalities, reflecting the inherent
ambiguity of assigning a single omics category to multi-
modal studies rather than systematic classification errors.

For demographic reporting detection, the automated
pipeline achieved high specificity 97.8% and an overall
agreement of 91% with human annotations. However,
recall was limited (12.5%), indicating that the system was
substantially more likely to miss demographic information
than to report it incorrectly. Examination of the valida-
tion set suggests that some false negatives occurred when
demographic characteristics were implied by the study
population description rather than explicitly reported. The
ratio of false negatives to false positives was approximately
3.5:1, demonstrating a systematic tendency toward under-
detection rather than over-detection. Geographic origin
and sex/gender reporting achieved fair agreement with
human annotation (Cohen’s 𝜅 = 0.29), whereas ances-
try/ethnicity, age reporting, and socioeconomic indicators
showed particularly low recall in the validation set.

A7 Limitations

This analysis has several limitations. First, keyword-based
pattern matching may miss implicit demographic infor-
mation or alternative terminology. Second, we analyzed
abstracts only; full-text articles may contain additional
demographic details. Third, our binary classification
(present/absent) does not capture the quality or com-
pleteness of reporting. Fourth, we used simplified single-
term queries (e.g., “genomics”) rather than comprehensive
Boolean searches, potentially affecting the representative-

ness of our sample. Finally, our analysis was limited to
English-language publications indexed in PubMed.
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