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Resources and applications of 
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This review provides a representative overview of public biomedical databases 
and their use in biomedical research. These resources are categorized into four 
major types according to their dominant data content: public health databases, 
clinical databases, comprehensive cohort databases, and omics databases. For 
each category, we briefly summarize their main characteristics and access 
pathways. At the application level, we outline their major uses in population 
health monitoring, clinical research, predictive modeling, and biomarker 
discovery. At the methodological level, we summarize two complementary 
research strategies commonly used with these resources, namely, hypothesis-
driven and data-driven research. We further discuss the main challenges in using 
public biomedical databases and emphasize broad principles for rigorous and 
appropriate use. Overall, public biomedical databases have become an important 
infrastructure for modern research. This review aims to provide a reference 
framework for researchers to more efficiently and reliably utilize these resources 
for scientific exploration and clinical translation.
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 1 Introduction

With the continuous progress of computer software, hardware and internet technology, 
the scale and generation speed of global data are showing an unprecedented growth trend 
(Wu et al., 2021). Big data has become an important feature of the digital age and has 
had a profound impact in many fields such as healthcare. In the past few decades, the 
volume and complexity of biomedical data have accelerated (Schlick et al., 2018), driven 
mainly by the informatization of electronic health records (Coughlin et al., 2018), the 
popularization of medical imaging and sensing devices (Van Horn and Toga, 2014), the 
continuous iteration of high-throughput omics technology (Schmidt and Hildebrandt, 2017), 
and the normalization of cross institutional collaborative research (Smith et al., 2020). Big 
data is usually summarized by 4 Vs. characteristics, namely, Volume, Variety, Velocity, and 
Veracity (Bellazzi, 2014). In the field of biomedical science, these features are particularly 
prominent: they not only cover structured and unstructured text, image, and signal data, 
but also exhibit the characteristics of large data generation scale and high update frequency 
(Dinov, 2016). In addition, biomedical data is usually collected based on specific research 
or medical protocols, with a relatively standardized structure, but at the same time, it is 
difficult to obtain and often accompanied by source heterogeneity and significant differences 
in quality (Wang and Krishnan, 2014; Scruggs et al., 2015). The dual challenges of scale and 
complexity pose higher demands on biomedical research. In this context, with the continuous
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advancement of information technology, biomedical databases are 
constantly developing and improving, and their open sharing 
trend is gradually emerging, becoming an important infrastructure 
for promoting scientific research cooperation and knowledge 
discovery. The development of open biomedical databases represents 
transformative progress. By managing and disseminating large-
scale datasets through structured platforms, these resources greatly 
reduce barriers to data access and create opportunities for 
interdisciplinary researchers to conduct high impact research 
without the high cost of collecting raw data.

This review aims to provide a practical overview of 
representative public biomedical databases for researchers seeking 
to use these resources in biomedical studies. To identify databases 
for inclusion, we drew on targeted Web of Science searches, 
official database websites and portals, database descriptor papers, 
methodological reviews, and cross-referencing of key resources. 
Search terms included general resource-related terms (e.g., database, 
registry, repository, portal, biobank, and cohort) together with 
category-specific terms related to public health, clinical, and omics 
data. The literature search and website checks were updated through 
August 26, 2025. Resources included in this review were selected 
based on the following considerations: (i) they had an official website 
or portal and sufficient documentation to allow verification of their 
scope, content, and access conditions; and (ii) they were either 
publicly accessible or available through a clearly defined research 
access pathway, and they were documented in database descriptor 
papers, methodological reviews, or other citable biomedical sources. 
The databases included in this review were selected to provide a 
representative, rather than exhaustive, overview of major public 
biomedical databases across different data types and research 
contexts, thereby offering a structured reference for their appropriate 
selection and use in biomedical research. 

2 Classification and overview of public 
biomedical databases

In this review, we classify publicly available biomedical databases 
into four categories—public health databases, clinical databases, 
comprehensive cohort databases, and omics databases—based on 
their dominant data type and primary research context, in order to 
provide a clearer framework for database selection. 

2.1 Public health databases

Public health databases refer to resources that primarily capture 
population health status and related behavioral, environmental, and 
social factors. The data contained in these databases are mainly 
derived from health surveys, surveillance systems, and disease-
burden estimation resources.

Table 1 provides an overview of representative public health 
databases, including their scope, access conditions, and technical 
requirements for data access. In practice, these databases are 
most useful for epidemiologic and public health analyses at the 
population level. For the same research question, different public 
health databases can provide complementary evidence at different 
analytic levels: nationally representative surveys such as National 
Health and Nutrition Examination Survey (NHANES) and Korea 

National Health and Nutrition Examination Survey (KNHANES) 
can be used to estimate the prevalence and distribution of key 
health indicators across population groups; studies such as The 
Health and Retirement Study (HRS) and English Longitudinal 
Study of Ageing (ELSA) can be used to assess whether similar 
patterns are observed across countries; and disease-burden or 
surveillance resources such as Global Burden of Disease (GBD) can 
contextualize these findings in terms of broader population burden 
and temporal trends. Compared with clinical and comprehensive 
cohort databases, public health databases generally offer broader 
representativeness and more standardized measurement of non-
clinical factors, but provide less detailed information on clinical 
management and disease severity. Their data are often distributed in 
structured formats and are relatively easy to access, typically without 
requiring specialized computational expertise for downloading or 
initial data retrieval, which lowers the practical barrier to access for 
researchers, including clinicians.

2.2 Clinical databases

Clinical databases refer to resources that primarily capture 
patient-level data generated during routine care in real-world 
healthcare settings. The data contained in these databases are mainly 
derived from disease registries, electronic health records (EHRs), 
and other time-stamped clinical records.

Table 2 summarizes representative clinical databases, with 
emphasis on their scope, access conditions, and technical 
requirements for data access. Clinical databases are most useful 
when the research question requires detailed characterization 
of diagnoses, treatments, disease severity, short-term outcomes, 
or dynamic physiological changes during clinical care. This 
category is internally heterogeneous, and resource selection should 
be guided by the research question. For example, even within 
cancer registries, database choice depends on the analytic aim: 
Surveillance, Epidemiology, and End Results (SEER) is population-
based and better suited to questions requiring broader population 
representation, whereas National Cancer Database (NCDB) is 
hospital-based and often provides larger case numbers. More 
broadly, registry-based databases are better suited for comparing 
outcomes across patient groups and identifying factors associated 
with prognosis, whereas EHR-based datasets are better suited for 
studying in-hospital disease progression, treatment processes, and 
short-term outcomes. Compared with public health databases, 
clinical databases generally offer greater clinical detail, but their 
representativeness is often constrained by healthcare setting, 
referral patterns, or institutional scope. Access and technical 
burden also vary across this category. Registry-based resources 
are often available as relatively structured files, whereas EHR-based 
datasets usually require more complex extraction and preprocessing, 
sometimes involving relational database queries such as SQL; 
waveform and imaging data often require more specialized technical 
expertise for data processing and analysis.

2.3 Comprehensive cohort databases

Comprehensive cohort databases refer to longitudinal resources 
that primarily capture multidimensional individual-level data 
collected from the same participants over time. The data contained 

Frontiers in Bioinformatics 02 frontiersin.org

https://doi.org/10.3389/fbinf.2026.1782956
https://www.frontiersin.org/journals/bioinformatics
https://www.frontiersin.org


Liu et al. 10.3389/fbinf.2026.1782956

TABLE 1 Overview of representative public health databases.

Database URL Notes Access 
permissions

Technical 
requirements 
for data 
access

References

National Health and 

Nutrition 

Examination Survey 

(NHANES)

https://www.cdc.gov/

nchs/nhanes/

index.html

NHANES is a continuous cross-sectional program 

assessing the health and nutritional status of the 

noninstitutionalized US population. Since 1999, it 

has enrolled approximately 5,000 participants 

annually and released data in 2-year cycles. It 

provides nationally representative data from 

household interviews, physical examinations, and 

laboratory testing, covering demographics, diet, 

health behaviors, anthropometric measures, and 

clinical biomarkers

Free No specialized 

technical expertise 

required for data 

access

(Ahluwalia et al., 2016) 

(Zipf et al., 2013)

China Health and 

Nutrition Survey 

(CHNS)

https://

chns.cpc.unc.edu/

CHNS is a longitudinal cohort study designed to 

examine health and nutrition changes during 

China’s rapid socioeconomic transition. Across 

nine survey waves from 1989 to 2011, it collected 

longitudinal data from 12 provinces with 

substantial geographic and developmental 

diversity. Using a multistage stratified cluster 

sampling design, CHNS provides data at the 

individual, household, and community levels, 

covering demographics, dietary intake, 

anthropometric measures, health behaviors, 

healthcare utilization, and community 

infrastructure

Community-level 

data require 

application and 

approval

No specialized 

technical expertise 

required for data 

access

Popkin et al. (2010)

Zhang et al. (2014)

South Korea National 

Health and Nutrition 

Examination Survey 

(KNHANES)

https://

knhanes.kdca.go.kr/

knhanes/main.do

KNHANES is a nationally representative 

cross-sectional survey in South Korea that has 

been conducted since 1998, with annual surveys 

organized into 3-year rolling cycles since 2007. 

KNHANES collects data through health 

interviews, physical examinations, and dietary 

assessments, covering anthropometric 

measurements, health examination, health 

behaviors, and nutrient intake

Free No specialized 

technical expertise 

required for data 

access

Lee et al. (2025)

Oh et al. (2021)

Kweon et al. (2014)

Chinese Longitudinal 

Healthy Longevity 

Survey (CLHLS)

https://

opendata.pku.edu.cn/

dataverse/CHADS

CLHLS is a prospective cohort study of adults 

aged 65 years and older in China, with additional 

data collected from their adult children. Since 

1998, it has completed eight follow-up waves 

across 23 provinces, producing both 

cross-sectional and longitudinal data. CLHLS 

covers demographics, health status, cognitive 

function, psychological characteristics, activities 

of daily living, healthcare utilization, and 

mortality, and also includes intergenerational 

follow-up data from parent-child pairs, 

biomedical examination data from selected 

longevity areas, and matched community-level 

data on socioeconomic and environmental factors

Restricted datasets 

require application 

and approval

No specialized 

technical expertise 

required for data 

access

Zeng (2012)

(Continued)
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TABLE 1 Continued

Database URL Notes Access 
permissions

Technical 
requirements 
for data 
access

References

Health and 

Retirement Study 

(HRS)

https://

hrs.isr.umich.edu/

HRS, ELSA, MHAS, SHARE, JSTAR, and CHARLS 

are part of a broader family of nationally 

representative longitudinal studies on ageing and 

retirement that largely follow the conceptual 

framework of the US HRS. These surveys typically 

enroll adults aged 45 or 50 years and older and 

collect broadly comparable data on health status, 

chronic diseases, cognitive function, mental health, 

economic status (including income, assets, and 

pensions), employment and retirement history, 

healthcare utilization, family structure, and 

death-related information. Similar datasets have 

also been established in other settings, including 

KLoSA (Korea), LASI (India), TILDA (Ireland), 

ELSI-BRASIL (Brazil), NICOLA (Northern 

Ireland), HART (Thailand), and IFLS (Indonesia)

To support cross-national comparisons, 

harmonized datasets have been developed. These 

datasets convert the original study-specific files into 

user-friendly formats with consistently defined and 

clearly labeled variables. They follow the 

conventions first established in the RAND HRS 

Longitudinal File, enabling summary analyses 

across countries and standardized longitudinal 

tracking within each study. Each harmonized 

dataset integrates all available survey waves and is 

accompanied by detailed documentation and 

codebooks, which are freely accessible through the 

Global Aging Data Portal (https://g2aging.org/

home)

Free

No specialized 

technical expertise 

required for data 

access

Sonnega et al. (2014)

Steptoe et al. (2013)

Wong et al. (2023)

Börsch-

Supan et al. (2013)

Ichimura et al. (2009)

Zhao et al. (2014)

English 

Longitudinal Study 

of Ageing (ELSA)

https://www.elsa-

project.ac.uk/

Mexican Health 

and Aging Study 

(MHAS)

https://

www.mhasweb.org/

Home/index.aspx

Survey of Health, 

Ageing and 

Retirement in 

Europe (SHARE)

https://

share-eric.eu/

Japanese Study of 

Aging and 

Retirement 

(JSTAR)

https://

www.rieti.go.jp/en/

projects/jstar/

index.html

China Health and 

Retirement 

Longitudinal Study 

(CHARLS)

https://

charls.pku.edu.cn/

Midlife in the 

United States 

(MIDUS)

https://

midus.wisc.edu/

MIDUS is a nationally representative longitudinal 

cohort study of American adults designed to 

investigate the biopsychosocial determinants of 

health and wellbeing. The baseline survey was 

conducted in 1995–1996 among adults aged 25–74 

years, with main follow-up survey waves conducted 

in 2004–2006 and 2013–2014. Ancillary 

components, including daily diary, cognitive, 

biomarker, neuroscience, and genomics 

assessments, were conducted in subsamples over 

extended periods

Restricted 

repositories and 

requested data 

require application 

and approval

No specialized 

technical expertise 

required for data 

access

Radler and Ryff 

(2010)

Radler (2014)

(Continued)
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TABLE 1 Continued

Database URL Notes Access 
permissions

Technical 
requirements 
for data 
access

References

Millennium Cohort 

Study (MCS)

https://cls.ucl.ac.uk/

cls-studies/

millennium-

cohort-study/

MCS is a prospective longitudinal cohort study 

that tracks the development of children born in 

the United Kingdom between 2000 and 2002. This 

study collects rich multi-source data from cohort 

members and their parents at multiple time 

points, covering physical health, cognitive and 

emotional development, educational 

performance, family background, and parenting 

practices. MCS data is associated with birth 

registration records, hospital records, education 

records, and geographic records, supporting 

longitudinal studies on early determinants of 

health and development

Sensitive data 

require application 

and approval

No specialized 

technical expertise 

required for data 

access

Connelly and Platt 

(2014)

Hockley et al. (2008)

Global Burden of 

Disease (GBD)

https://

www.healthdata.org/

research-analysis/

gbd

GBD database provides comprehensive and 

standardized estimates of morbidity, mortality 

and risk factors in 204 countries and regions since 

1990. GBD integrates data from health surveys, 

hospital records, vital signs, and systematic 

reviews, covering over 371 diseases and injuries, 

as well as thousands of sequelae. GBD follows five 

core principles: generating the best estimate with 

quantitative uncertainty, comprehensively 

accounting for diseases and risks, ensuring 

comparability across time and place, 

incorporating mortality and non-fatal health 

outcomes, and verifying results through expert 

review and internal consistency checks

Free No specialized 

technical expertise 

required for data 

access

Murray (2022)

CDC WONDER https://

wonder.cdc.gov/

The CDC WONDER system is a centralized 

portal for accessing various public health datasets 

in the US. It combines mortality and birth 

statistics, cancer incidence rate and mortality, 

reportable infectious disease surveillance and 

environmental health data, and demographic 

information

Free No specialized 

technical expertise 

required for data 

access

Friede et al. (1993)

in these databases are mainly derived from baseline assessments, 
repeated follow-up, and linkage to subsequent health records, and 
in some cohorts also include imaging or omics data.

Table 3 outlines representative comprehensive cohort databases. 
Comprehensive cohort databases are particularly useful when the 
research question requires integration of multidimensional data 
from the same individuals and assessment of their associations with 
subsequent health outcomes over time. When variables and outcome 
definitions are sufficiently comparable across cohorts, analyses in 
different cohorts can also help assess whether findings are consistent 
across populations. Within this category, database selection depends 
on both data breadth and the access framework. For example, 
compared with China Kadoorie Biobank (CKB), United Kingdom 

Biobank (UKB) provides a broader range of data types, including 
more extensive genetic, imaging, and other omics resources, 
making it better suited for large-scale data-driven analyses such as 
phenome-wide association studies and exposure-wide association 
studies, whereas CKB is more oriented toward hypothesis-driven 
analyses under its current data-sharing framework. Compared 
with public health and clinical databases, comprehensive cohort 
databases generally provide more integrated longitudinal data across 
exposures, phenotypes, outcomes, and, in some cohorts, imaging 
or omics profiles, allowing multiple data dimensions to be related 
to later health outcomes. Access and analytic burden also tend 
to be higher in this category, often involving formal application, 
governance review, and fee-based access. Some resources, such as 

Frontiers in Bioinformatics 05 frontiersin.org

https://doi.org/10.3389/fbinf.2026.1782956
https://cls.ucl.ac.uk/cls-studies/millennium-cohort-study/
https://cls.ucl.ac.uk/cls-studies/millennium-cohort-study/
https://cls.ucl.ac.uk/cls-studies/millennium-cohort-study/
https://cls.ucl.ac.uk/cls-studies/millennium-cohort-study/
https://www.healthdata.org/research-analysis/gbd
https://www.healthdata.org/research-analysis/gbd
https://www.healthdata.org/research-analysis/gbd
https://www.healthdata.org/research-analysis/gbd
https://wonder.cdc.gov/
https://wonder.cdc.gov/
https://www.frontiersin.org/journals/bioinformatics
https://www.frontiersin.org


Liu et al. 10.3389/fbinf.2026.1782956

TABLE 2 Overview of representative clinical databases.

Database URL Notes Access 
permissions

Technical 
requirements 
for data 
access

References

Surveillance, 

Epidemiology, and 

End Results (SEER)

https://

seer.cancer.gov/

SEER is a population-based cancer registry 

program in the US. The dataset described 

here is the Incidence – SEER Research 

Limited-Field Data, 22 Registries, 

November 2023 Submission, covering 

tumors diagnosed from 2000 to 2021. It 

contains 17,666,410 tumor-level records 

and represents approximately 47.9% of the 

US population based on the 2020 census. 

SEER provides structured data on patient 

demographics, socioeconomic and 

geographic characteristics, tumor 

morphology and location, diagnostic 

stage, initial treatment methods, as well as 

survival and mortality follow-up

Registration and data 

use agreement 

required

No specialized 

technical expertise 

required for data 

access

Park et al. (2012)

Che et al. (2023)

National Cancer 

Database (NCDB)

https://www.facs.org/

quality-programs/

cancer-programs/

national-cancer-

database/

NCDB is a hospital-based cancer registry 

that gathers data from nearly 1,500 

hospitals in the US, covering over 72% of 

newly diagnosed cancer patients, 

including 75 different cancer-related 

diseases. By 2016, NCDB had amassed 

more than 34 million records of patients 

with cancer. The data is extracted from 

medical records by certified tumor 

registrants, including patient demographic 

data, tumor characteristics, comorbidities, 

and treatment during the first course of 

care defined before disease progression or 

recurrence

Research access is 

provided through 

PUFs for 

investigators at 

CoC-accredited 

programs upon 

application and 

approval

No specialized 

technical expertise 

required for data 

access

Mallin et al. (2019)

Boffa et al. (2017)

McCabe (2019)

The Cancer Imaging 

Archive (TCIA)

https://www.

cancerimagingarchive.

net/

TCIA is a public database supported by the 

National Cancer Institute in the US, aimed 

at promoting cancer imaging research and 

enhancing reproducibility. It contains a 

large and constantly growing selection of 

computed tomography (CT), magnetic 

resonance imaging (MRI), and positron 

emission tomography (PET) images for de 

identification, organized by tumor type. 

Many collections also include 

supplementary data such as clinical 

records, image annotations, pathological 

sections, radiation therapy plans, and links 

to genomic resources such as the Cancer 

Genome Atlas (TCGA)

Free No specialized 

technical expertise 

required for data 

access

Prior et al. (2017)

Clark et al. (2013)

(Continued)
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TABLE 2 Continued

Database URL Notes Access 
permissions

Technical 
requirements 
for data 
access

References

Medical 

Information Mart 

for Intensive Care 

(MIMIC)

https://

mimic.mit.edu/

MIMIC is a single-center, de-identified critical care 

and emergency department database derived from 

Beth Israel Deaconess Medical Center. It integrates 

multiple data types, including clinical records from 

the intensive care units (ICU) information systems 

and hospital archives, high-resolution physiological 

data such as waveforms and time series of vital 

signs and alarms from bedside monitors, and 

mortality data. Across its major generations, 

MIMIC has evolved from the original MIMIC 

database covering 1994–1996, through MIMIC-II 

and MIMIC-III, to MIMIC-IV. The dataset 

described here is MIMIC-IV v3.1, released in 

October 2024, which covers emergency department 

or ICU admissions from 2008 to 2022. It contains 

364,627 unique individuals, 546,028 

hospitalizations, and 94,458 ICU stays

Credentialed 

access; data use 

agreement and 

human-subjects 

training required

Basic SQL or 

database-handling 

skills required

Mark (2016)

Rogers et al. (2021)

eICU Collaborative 

Research Database 

(eICU-CRD)

https://

eicu-crd.mit.edu/

The eICU-CRD is a multicenter, de-identified 

intensive care dataset that includes data from more 

than 200,000 ICU admissions across the US in 2014 

and 2015. The dataset includes patient 

demographics, bedside vital signs, laboratory 

measurements, APACHE IV severity scores, 

diagnoses, treatments, medications including 

infusions, nursing plans, nursing assessments, and 

other clinical documentation. Based on the MIMIC 

project, eICU-CRD extends from a single-center 

dataset to a multicenter resource compiled from 

numerous hospitals across the US.

Credentialed 

access; data use 

agreement and 

human-subjects 

training required

Basic SQL or 

database-handling 

skills required

Pollard et al. (2018)

National Sleep 

Research Resource 

(NSRR)

https://

sleepdata.org/

NSRR is a centralized repository for sleep and 

circadian research that curates de-identified 

polysomnography, actigraphy, questionnaire-based, 

and associated clinical data from multiple cohorts, 

clinical trials, and other data sources. As of 1 May 

2026, the NSRR portal reported 54,119 individuals 

represented. Because NSRR aggregates datasets 

from multiple independent studies and 

incorporates resources over time, it has no single 

platform-wide data-collection period or follow-up 

cutoff. NSRR uses Sleep Common Data Elements 

that comprise more than 900 core sleep terms 

covering demographic information, 

anthropometric parameters, physiologic 

measurements, medical history, sleep-study data, 

sleep symptoms, polysomnography events, 

laboratory data, and neurocognitive testing results

Registration and 

dataset-specific 

data use agreement 

required

No specialized 

technical expertise 

required for 

standard data 

access

Zhang et al. (2018)

(Continued)
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TABLE 2 Continued

Database URL Notes Access 
permissions

Technical 
requirements 
for data 
access

References

Alzheimer’s Disease 

Neuroimaging 

Initiative (ADNI)

https://

adni.loni.usc.edu/

ADNI is a large-scale, multi-site, longitudinal 

study aimed at standardizing and validating 

biomarkers for the diagnosis, progression 

monitoring, and treatment trials of 

Alzheimer’s disease (AD). ADNI integrates 

multimodal data, including structural and 

functional MRI, PET, clinical and 

neuropsychological assessments, biological 

sample analysis, and genetic data

Registration and 

approved data use 

application required

No specialized 

technical expertise 

required for 

standard data access

Hendrix et al. (2015)

Toga et al. (2024)

Weiner and Veitch 

(2015)

Open Access Series 

of Imaging Studies 

(OASIS)

https://

sites.wustl.edu/

oasisbrains/

OASIS provides publicly available 

neuroimaging datasets to advance research on 

normal aging and AD. Its published content 

includes OASIS-1 (cross-sectional MRI of the 

entire adult lifespan), OASIS-2 (longitudinal 

MRI of elderly individuals with and without 

dementia), OASIS-3 (longitudinal multimodal 

imaging, cognitive and biomarker data), and 

OASIS-4 (clinical cohort with neuroimaging 

and biomarker assessment)

Registration and 

data use agreement 

required

No specialized 

technical expertise 

required for 

standard data access

Marcus et al. (2007)

LaMontagne et al.

(2019)

DeepLesion https://

nihcc.app.box.com/

v/DeepLesion

The DeepLesion database is constructed by 

mining lesion annotations from large clinical 

Picture Archiving and Communication 

System. It contains 32,735 annotated lesions 

from 32,120 CT slices from 10,594 studies of 

4,427 unique patients. Unlike datasets that 

focus on a single lesion type, DeepLesion 

includes various pathologies of multiple body 

parts, making it a valuable resource for 

developing universal lesion detection 

algorithms. Each lesion is labeled with a 

bounding box from a conventional 

radiologist’s bookmark, and the dataset also 

provides relevant measurements such as lesion 

diameter

Free No specialized 

technical expertise 

required for 

standard data access

Yan et al. (2018)

UKB, require analysis within secure cloud-based or other controlled 
research environments rather than through simple local download, 
which increases the technical demands on researchers.

2.4 Omics databases

Omics databases refer to resources that primarily capture high-
dimensional molecular data, including genomic, transcriptomic, 
epigenomic, proteomic, metabolomic, and related molecular data. 
The data contained in these databases are mainly derived from 
high-throughput molecular profiling experiments.

Table 4 summarizes representative public omics databases 
and resources. Within this category, resources can be broadly 

grouped into raw sequencing archives (e.g., Sequence Read Archive 
and European Nucleotide Archive), general repositories (e.g., 
Gene Expression Omnibus and ArrayExpress), disease-focused 
integrative multi-omics resources (e.g., The Cancer Genome 
Atlas Program), reference and annotation resources (e.g., The 
1000 Genomes Project, The Encyclopedia of DNA Elements, 
and Roadmap Epigenomics), and protein- or metabolite-level 
reference resources (e.g., Human Protein Atlas and Human 
Metabolome Database). Accordingly, database selection should 
be guided by whether the study requires primary sequence 
data, independent validation, disease-focused integrative analysis, 
functional annotation and biological context, or downstream 
protein- or metabolite-level interpretation. Omics databases 
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TABLE 3 Overview of representative comprehensive cohort databases.

Database URL Notes Access 
permissions

Technical 
requirements 
for data 
access

References

United Kingdom 

Biobank (UKB)

https://www.

ukbiobank.ac.uk/

UKB is a large-scale prospective cohort that 

recruited approximately 500,000 participants aged 

40–69 in the United Kingdom between 2006 and 

2010. It provides baseline information for 

identification through questionnaire surveys, 

physical examinations, and biological samples 

(blood, urine, saliva), supplemented by 

genotyping, whole exome, and whole genome 

sequencing data. Long term follow-up is achieved 

through repeated questionnaire surveys and 

extensive connections with national electronic 

health records, hospitalization, cancer, and death 

registration. In addition, UKB provides 

multimodal imaging data, including brain, heart, 

abdominal, carotid, and musculoskeletal scans, as 

well as physiological monitoring. Recently, the 

UKB incorporated COVID-19 data, including 

hospitalization, death, test records and specialized 

sub studies

Fee-based; 

application, 

approval, and 

Material Transfer 

Agreement required

Cloud-based access 

via UKB-RAP; 

platform-specific 

computational skills 

required

Trehearne (2016)

Allen et al. (2024)

Feng et al. (2023)

China Kadoorie 

Biobank (CKB)

https://

www.ckbiobank.org/

CKB is one of the largest population-based 

prospective cohorts in Asia. It recruited 512,891 

adults aged 30–79 years from 10 geographically 

and socioeconomically diverse regions in China, 

covering both urban and rural populations. 

Baseline data collection included questionnaires 

on lifestyle, medical history, and socioeconomic 

status, together with physical measurements and 

blood sampling. Follow-up was conducted 

through linkage to mortality, disease incidence, 

and hospitalization records, supplemented by 

regular reexamination. Data currently available to 

researchers include baseline and repeated survey 

data, health outcomes through 2017, and subsets 

of biochemical, metabolomic, and proteomic 

data, while additional omics resources are 

expected to be released in the future

Free for applicants 

from mainland 

China and Hong 

Kong, fee-based for 

researchers 

elsewhere; 

application and 

approval required

No specialized 

technical expertise 

required for 

standard data access

Chen et al. (2011)

are particularly useful when the research question requires 
direct molecular evidence to characterize biological processes or 
disease mechanisms. They can also complement findings from 
other public biomedical databases by supporting mechanistic 
interpretation and candidate biomarker or therapeutic target 
discovery. Although many omics resources are relatively 
straightforward to access and download, the analytical burden is 
often substantial, as preprocessing, normalization, batch correction, 
feature annotation, and multi-platform integration typically require 
specialized bioinformatics expertise.

3 Major applications of public 
biomedical databases

Public biomedical databases are not just data repositories; they 
have become indispensable resources for biomedical research. As 
shown in Figure 1, the annual number of Web of Science Core 
Collection records retrieved by topic searches of representative 
public biomedical database names increased markedly from 2000 
to 2025, with a clear acceleration after 2015. In this context, 
we summarize the applications of public biomedical databases 
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TABLE 4 Overview of representative omics databases and resources.

Database URL Notes Access 
permissions

Technical 
requirements 
for data 
access

References

Sequence Read 

Archive (SRA)

https://

www.ncbi.nlm.nih.

gov/sra

SRA is a public archive of high-throughput 

sequencing data that stores raw sequencing data and 

alignment information from a wide range of studies, 

including those across all branches of life as well as 

metagenomic and environmental surveys. As one of 

the largest publicly available repositories of 

sequencing data, it provides an important resource 

for data reuse, reproducibility, and secondary analysis

Free for public 

data; protected 

human data 

require 

controlled-access 

authorization

Basic toolkit-based 

or cloud-based 

access skills may be 

required

Katz et al. (2022)

European 

Nucleotide Archive 

(ENA)

https://

www.ebi.ac.uk/

ena/browser/home

ENA is an open nucleotide sequence archive 

maintained by EMBL-EBI that provides a 

comprehensive record of global sequencing 

information, covering raw sequencing data, sequence 

assembly information, and functional annotation. It 

also captures contextual metadata related to samples, 

experimental workflows, and sequencing projects, 

thereby supporting data submission, retrieval, 

integration, and reuse across diverse 

sequencing-based studies

Free Bulk download 

may involve API or 

large-scale file 

transfer tools

Burgin et al. (2023)

Gene Expression 

Omnibus (GEO)

https://

www.ncbi.nlm.nih.

gov/geo/

GEO is one of the largest public repositories for 

high-throughput molecular abundance data. It 

archives transcriptomic, genomic, and proteomic 

profiles generated by both array- and 

sequencing-based technologies, together with 

associated metadata describing samples, platforms, 

and study design. Its records are organized into three 

core entities—Platform, Sample, and Series—thereby 

supporting data submission, retrieval, cross-study 

comparison, and secondary analysis

Free Bulk download 

may involve FTP 

or programmatic 

access

Edgar et al. (2002)

ArrayExpress https://

www.ebi.ac.uk/

biostudies/

arrayexpress

ArrayExpress is a public functional genomics 

repository that primarily archives transcriptomic 

data, especially microarray-based gene expression 

profiles, together with associated experimental 

metadata. It also includes other array-based 

functional genomics datasets, such as comparative 

genomics and ChIP-chip experiments. Since the 

retirement of the standalone ArrayExpress interface 

in 2022, ArrayExpress data are now accessible 

through the BioStudies ArrayExpress collection at 

EMBL-EBI.

Free Bulk download 

may involve FTP, 

Aspera, or 

API-based access

Brazma et al. (2003)

The Cancer 

Genome Atlas 

Program (TCGA)

https://

www.cancer.gov/

ccg/research/

genome-

sequencing/tcga

TCGA is a landmark cancer genomics program 

jointly launched by the National Cancer Institute and 

the National Human Genome Research Institute in 

2006. It characterized over 20,000 primary tumor and 

matched normal samples across 33 cancer types, 

generating more than 2.5 PB of linked clinical, 

genomic, epigenomic, transcriptomic, and proteomic 

data

Open access for 

public data; 

controlled-access 

authorization 

required for 

protected data

Bulk or 

controlled-data 

download may 

require use of the 

GDC Data 

Transfer Tool or 

API.

Wang et al. (2016)
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TABLE 4 Continued

Database URL Notes Access 
permissions

Technical 
requirements 
for data 
access

References

1000 Genomes 

Project

https://

www.international

genome.org/home

The 1000 Genomes Project Phase 3 final dataset 

included genomic data from 2,504 individuals across 

26 populations worldwide. Completed in 2015, the 

project used low-coverage whole-genome 

sequencing, deep exome sequencing, and dense 

microarray genotyping to characterize common and 

rare human genetic variation. This resource provides 

a global reference for population genetics and 

supports studies linking genetic variation to human 

health and disease

Free Bulk download may 

involve FTP, HTTP, 

Aspera, or Globus

The 1000 Genomes 

Project Consortium 

et al. (2015)

Encyclopedia of 

DNA Elements 

(ENCODE)

https://

www.encodeproject.

org/

The ENCODE project systematically identified 

functional elements in the human and mouse 

genomes. It provides comprehensive functional 

genomics resources, including epigenomics and 

transcriptome data for different human and 

mouse cell types

Free Bulk download may 

involve REST API or 

metadata-based 

batch retrieval

Luo et al. (2020)

Roadmap 

Epigenomics

https://

egg2.wustl.edu/

roadmap/

web_portal/

index.html

The NIH Roadmap Epigenomics Mapping 

Consortium has created a genome-wide map of 

histone modifications, chromatin accessibility, DNA 

methylation, and mRNA expression across different 

human cell types and tissues. In the 2015 integrative 

analysis, the consortium analyzed 111 Roadmap 

reference human epigenomes; together with 

additional ENCODE reference epigenomes, these 

data provided a unified resource for functional and 

translational research

Free Bulk retrieval may 

involve portal-based 

archives or 

integrated access 

through 

ENCODE/GEO 

resources

Roadmap et al. (2015)

Functional 

Annotation of the 

Mammalian 

Genome 

(FANTOM)

https://

fantom.gsc.riken.jp/

The FANTOM project is an international consortium 

that is gradually advancing transcriptome research. 

Its resources are mainly concentrated in the 

transcriptome, including promoters, enhancers, long 

non-coding RNAs, microRNAs, and a comprehensive 

map of transcriptional regulatory networks across 

multiple species

Free Bulk download or 

subset extraction 

may involve 

FTP-based download 

or use of FANTOM 

tools such as TET.

Abugessaisa et al.

(2021)

The 

Genotype-Tissue 

Expression (GTEx)

https://

www.gtexportal.org/

home/

The GTEx project integrates genomics and 

transcriptomics by combining whole genome 

sequencing with RNA sequencing across multiple 

human tissues. It maps the expression of quantitative 

trait loci, linking genetic variation with tissue-specific 

gene expression

Open access for 

public data; 

controlled-access 

authorization 

required for 

protected genotype 

and raw sequencing 

data

Controlled-data 

access may involve 

dbGaP/AnVIL 

authorization and 

platform-specific 

workflows

L et al. (2013)

The Human Protein 

Atlas (HPA)

https://www.

proteinatlas.org/

HPA combines transcriptomics, proteomics, and 

imaging techniques to create protein and gene 

expression maps across tissues, cell types, subcellular 

compartments, cancer, blood, and cell lines, 

including data on protein structure and interactions

Free Programmatic access 

or bulk download 

may involve JSON, 

XML, or RDF-based 

retrieval

Digre and Lindskog 

(2021)

(Continued)
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The Human 

Metabolome 

Database (HMDB)

https://hmdb.ca/ HMDB is a metabolomics resource that catalogs 

confirmed human metabolites and their 

properties, concentrations, related enzymes, 

pathways, and disease associations, and provides 

extensive reference spectral data from NMR, 

LC-MS, and GC-MS.

Free Bulk download may 

involve 

programmatic access 

or dedicated 

download tools

Wishart et al. (2022)

FIGURE 1
Annual publication trends of Web of Science Core Collection records retrieved by topic searches of representative public biomedical database names 
listed in Section 2 (Tables 1–4). Records are grouped into four categories: public health databases, clinical databases, comprehensive cohort databases, 
and omics databases. The Total represents the sum of the annual counts from the four categories. Detailed search strategies, retrieval restrictions, and 
counting methods are provided in the Supplementary Material.

mainly in population-level research, clinical research, and molecular 
discovery (Figure 2).

3.1 Population-level epidemiologic 
research and public health applications

Public biomedical databases are widely used to generate 
population-level evidence for public health research, prevention, 
and policy planning. First, standardized resources such as the 
GBD study support population health surveillance and burden 
assessment by quantifying incidence, prevalence, mortality, 
disability, and related burden measures across diseases, populations, 
regions, and time (GBD, 2016). GBD-based analyses, for example, 
have been used to assess changes in lower respiratory tract 
infection mortality and shifts in major etiologies (GBD, 2024), 
quantify the burden of musculoskeletal disorders (GBD, 
2021 Other Musculoskeletal Disorders Collaborators, 2023), and 
project future gastric cancer burden attributable to high salt 
intake in different countries (Liu et al., 2025). Second, these 

databases support the identification of disease risk factors by linking 
behavioral, environmental, dietary, and socioeconomic factors to 
health outcomes. For example, databases such as NHANES and 
harmonized ageing cohorts can be used to examine associations 
of environmental, behavioral, socioeconomic, and dietary factors 
with outcomes such as depression, frailty, and cognitive ageing 
across populations (Parker et al., 2025; Wang et al., 2024; 
Tian et al., 2022; Lv et al., 2023). Third, longitudinal cohort 
databases, including harmonized ageing cohorts and comprehensive 
cohort databases, can be used to examine health, ageing, and 
disease trajectories over time, including cognitive decline, functional 
change, pain trajectories, downstream comorbidity patterns, and 
related changes. For example, harmonized ageing cohorts such 
as HRS and ELSA can be used to assess how parental education 
and pain trajectories are associated with later-life cognitive 
decline, while comprehensive cohort resources such as UKB 
have been used to map downstream comorbidity patterns among 
individuals with depression (Han et al., 2021; Luo et al., 2025;
He et al., 2024). 
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FIGURE 2
Overview of the application of public biomedical databases.

3.2 Real-world clinical research and 
predictive modeling

Public biomedical databases are widely used to generate 
clinically relevant evidence that complements randomized 
controlled trials, supports risk stratification, and improves 
understanding of disease course in routine care settings. First, these 
databases can be used to evaluate the effectiveness and safety of 
treatments and clinical management strategies in real-world patient 
populations. For example, registry- and EHR-based resources such 
as SEER, NCDB, and Medical Information Mart for Intensive Care 
(MIMIC) have been used to assess the effectiveness and safety of 
surgical (Xing et al., 2018), radiotherapeutic (Rusthoven et al., 2016), 
and critical care interventions (Xiong et al., 2023; Hu et al., 2022) 
in relation to survival and complications in routine clinical 
practice. Second, public biomedical databases can be used for 
prognostic assessment and predictive modeling by identifying 
factors associated with prognosis and developing prediction models 
for clinically relevant outcomes in patient populations. Such models 
may also integrate clinical, imaging, and, in some settings, molecular 
features to improve prediction and support clinically relevant 
phenotyping or treatment stratification. For example, resources 
such as Alzheimer’s Disease Neuroimaging Initiative (ADNI), UKB, 
and The Cancer Genome Atlas Program (TCGA) have been used 

to assess prognostic biomarkers and develop clinically relevant 
prediction models for outcomes such as dementia (You et al., 2022; 
Tang et al., 2024), atrial fibrillation (Segan et al., 2023), and tumor 
immunophenotypes (Tong et al., 2022; Mazurowski et al., 2013). 

3.3 Molecular evidence and translational 
discovery

Public biomedical databases are widely used to generate 
molecular-level evidence that supports mechanism-oriented 
research and translational discovery. First, these databases can 
be used to functionally interpret disease-associated genetic loci 
by linking them to downstream molecular phenotypes such as 
gene expression, thereby providing clues to the pathways through 
which genetic variation may influence disease susceptibility. 
For example, integrative analyses combining GWAS with GTEx 
eQTL data have been used to connect migraine risk loci with 
gene expression and to prioritize candidate genes for further 
investigation (Ghaffar et al., 2023). Second, public biomedical 
databases can be used to identify biomarkers and molecular subtypes 
relevant to diagnosis, prognosis, and treatment stratification by 
integrating genomics, transcriptomics, proteomics, and related 
molecular data in complex diseases. For example, multi-omics 
analyses have been used to identify candidate biomarkers in renal 
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cancer (Qin et al., 2025), reveal gene signatures associated with 
tumor progression and survival (Saha et al., 2025), and define 
clinically relevant molecular subtypes such as HER2-enriched 
profiles across tumor types (Li et al., 2020). Third, these databases 
can be used to prioritize candidate therapeutic targets and assess 
their potential effects. For example, analyses integrating genetic 
association data with molecular evidence have been used to 
identify candidate therapeutic targets for migraine and ankylosing 
spondylitis, while further phenome-wide analyses have been used to 
assess their potential adverse effects and safety-related implications 
(Zhao et al., 2024; Sun et al., 2024).

Taken together, these applications show the versatility of public 
biomedical databases in supporting evidence generation across 
different research contexts. 

4 Data utilization workflows and 
research strategies

In addition to the main applications mentioned above, 
it is also crucial to understand how researchers use public 
biomedical databases to solve scientific problems. In general, 
two complementary research strategies can be distinguished: 
hypothesis-driven research and data-driven research (Figure 3). 
Hypothesis-driven research starts from a predefined scientific, 
clinical, or biological question and is mainly used to test prior 
knowledge, evaluate expected associations, or examine biologically 
plausible mechanisms (Dreisbach and Maki, 2023). Data-driven 
research, in contrast, starts from complex data and is mainly used to 
identify patterns, generate candidate signals, or construct predictive 
models. Accordingly, the distinction between these two strategies 
lies primarily in the formulation of the research question and the 
intended interpretation of the results, rather than in the databases 
used or in the computational complexity of the analytical methods.

Hypothesis-driven and data-driven research should not be 
equated with a simple division between conventional statistical 
models and machine-learning methods. Analytical methods should 
instead be understood as tools that can serve different purposes 
depending on the research question. Regression-based and survival 
models may be used to test prespecified associations, but they 
may also be used for exploratory modeling or preliminary 
screening of candidate predictors (Shmueli, 2010). Conversely, 
machine-learning methods may be used in prespecified prediction 
studies when the target population, outcome, candidate predictors, 
and performance metrics are defined before model development 
(Col et al., 2024). In practice, these two strategies are often 
connected rather than separated. For example, a UKB exposome-
wide study of psychotic experiences used agnostic screening to 
identify candidate nongenetic correlates, followed by replication, 
multivariable modeling, and Mendelian randomization to assess the 
robustness and directionality of the associations (Lin et al., 2022). 
Similarly, a recent UKB study used machine-learning models to 
predict incident disease cases undiagnosed at recruitment and then 
leveraged these predictions to augment genetic association and 
phenome-wide analyses (Garg et al., 2024). These examples show 
that data-driven discovery, structured evaluation, and biological 
interpretation can operate as connected stages within the same 
research cycle.

Database analyses designed for different purposes differ in what 
conclusions they can support. Confirmatory, exploratory, predictive, 
and hypothesis-generating analyses should therefore be interpreted 
according to their intended roles. Researchers should define the 
intended role of the analysis before drawing conclusions from public 
biomedical databases, so that the interpretation of findings remains 
consistent with the study design and analytical objective. 

5 Challenges and recommended 
practices in using public biomedical 
databases

5.1 General challenges in using public 
biomedical databases

The growing availability of public biomedical databases has 
greatly expanded research opportunities, but availability should not 
be equated with suitability, validity, or reproducibility. Key general 
challenges include: (i) database selection driven by convenience 
or popularity rather than by a clearly defined research question, 
as reflected in the rapid growth of “formulaic” publications based 
on large public datasets such as NHANES, many of which follow 
repetitive designs linking single exposures to specific health outcomes 
(Science PG, 2025); (ii) causal overinterpretation of associations from 
public biomedical databases, particularly when temporality cannot be 
established and confounding cannot be adequately controlled; (iii) 
overstated performance in predictive or biomarker studies when the 
same or overlapping data are used for both model development and 
evaluation; (iv) limited external validity of some published findings 
due to population bias and non-representative samples; for example, 
although non-representativeness does not necessarily preclude valid 
estimation of exposure–disease associations, UKB is not representative 
of the sampling population, and there is evidence of “healthy volunteer” 
selection bias (Fry et al., 2017); (v) limited reproducibility when 
database version, release date, or preprocessing steps are not reported 
in sufficient detail in published studies, making it difficult for other 
researchers to reconstruct identical analytic samples; (vi) practical 
barriers to access and use, including language barriers in country-
specific databases, computational expertise and resources needed to 
download and process large datasets, and restricted-access procedures 
for clinically sensitive resources that may be opaque, lengthy, or 
ultimately unsuccessful. 

5.2 Methodological challenges in using 
different types of public biomedical 
databases

Although some challenges are shared, the main methodological 
risks differ by database type. In public health databases, survey 
design information is often not properly incorporated into analysis. 
Public health surveys such as NHANES and KNHANES use complex, 
stratified, multistage cluster sampling and require the use of sample 
weights, stratification, and clustering variables; analyses that treat 
these data as if they were obtained by simple random sampling can 
yield biased estimates, underestimated standard errors, and overstated 
significance levels (Kim et al., 2013). In addition, cross-wave or cross-
country analyses require careful harmonization, because comparisons 
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FIGURE 3
Typical workflow of hypothesis-driven research and data-driven research. The analytical methods listed in the figure are representative examples rather 
than exhaustive categories, and their placement does not imply that a given method is exclusive to one research strategy. In practice, method selection 
and interpretation should depend on the research question and analytical objective.

may be misleading when survey cycles are combined improperly 
or when variable definitions and measurement frameworks are not 
sufficiently comparable across waves or countries. 

In clinical databases, several methodological problems are 
especially common. First, treatment comparisons in clinical 
databases are often affected by disease severity, clinician judgment, 
and institutional practice, making confounding by indication a 
central concern (McCabe, 2019). Second, missingness is often 
informative in clinical datasets; for example, whether laboratory 
tests or imaging studies are performed may itself reflect clinical 
concern, so treating missing values as random can bias estimates or 
model performance (Groenwold, 2020; Madden et al., 2016). Third, 
errors in defining index time or exposure timing can introduce 
time-related biases, such as immortal time bias, and distort analyses 
of treatment effects or prognosis (Tyrer et al., 2022).

In comprehensive cohort databases, a common methodological 
problem is the overinterpretation of findings from large-scale 
exploratory analyses. Because these resources enable exposure-
wide, phenome-wide, or multimodal screening, analyses are prone 
to false-positive findings and unstable results when exploratory 
findings are not clearly distinguished from pre-specified or 
independently replicated analyses.

In omics databases, several methodological problems are 
especially common. First, technical artifacts and sample 
heterogeneity are common sources of bias and interpretive 
uncertainty in omics analyses. Batch effects, platform differences, 
normalization choices, and annotation discrepancies can all 
introduce systematic bias, while tissue heterogeneity and cell- 

composition differences may further complicate interpretation, 
especially in bulk-data analyses (Jaffe and Irizarry, 2014; 
Leek et al., 2010). Second, high-dimensional omics analyses are 
prone to overfitting and unstable feature selection, especially 
when the number of measured features greatly exceeds the 
number of samples and findings are not adequately validated 
(Rahnenführer et al., 2023; Łukaszuk et al., 2024). 

5.3 Recommended practices for rigorous 
and appropriate use of public biomedical 
databases

To improve the rigor, reproducibility, and interpretability of 
research using public biomedical databases, several broad principles 
should guide study design, analysis, and reporting.

First, researchers should select the database according to a 
clearly defined research question and state explicitly whether 
the analysis is descriptive, exploratory, predictive, or intended 
to support causal inference. Before finalizing database selection, 
investigators should determine whether the database can adequately 
capture the target population, key variables, timing of measurement, 
and major sources of confounding relevant to the question.

Second, researchers should report the database and analytic 
workflow transparently and in sufficient detail, including the database 
version, extraction date, eligibility criteria, cohort construction, 
variable definitions, and preprocessing steps. For studies using 
routinely collected health data, reporting may additionally refer to 
the RECORD statement (Benchimol et al., 2015). For omics studies, 
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reporting may additionally refer to relevant minimum information 
reporting standards (Brazma et al., 2012). 

Third, researchers should select a study design and analytic 
strategy that fit the research question and the structure of the 
available data, and should use design- and analysis-based methods 
to reduce bias, random error, and overinterpretation. In practice, 
analyses of complex survey data should incorporate sampling 
weights, stratification, and clustering variables to account for 
unequal selection probabilities and multistage sample design and 
to avoid biased estimates and misleading inferences (Sakshaug 
and West, 2014). For treatment comparisons in clinical databases, 
comparability between groups should be strengthened through 
study-design choices, such as active-comparator or new-user 
designs (Lund et al., 2015), and remaining confounding should 
then be addressed analytically, for example, with propensity score 
methods and, in selected settings, instrumental variable methods 
(Stukel et al., 2007; Austin, 2011). When missingness is plausibly 
informative, investigators should explicitly evaluate missing-data 
patterns, avoid assuming missing at random by default, use multiple 
imputation when appropriate, compare imputed and complete-case 
results, and perform sensitivity analyses under alternative missing-
data assumptions (Carpenter and Smuk, 2021; Leurent et al., 2018). 
In high-dimensional analyses of cohort or omics data, the analytical 
pipeline should be prespecified, multiple testing controlled, batch 
effects and biological heterogeneity addressed, and exploratory 
analyses clearly separated from confirmatory analyses.

Finally, researchers should assess robustness through 
sensitivity analyses and, where feasible, independent replication 
or external validation, while considering generalizability and 
population representativeness so that conclusions do not 
exceed what the underlying data can reasonably support 
(Riley et al., 2016; Rudolph et al., 2023). 

6 Conclusion

Public biomedical databases have become important 
infrastructure for contemporary biomedical research by supporting 
evidence generation across population, clinical, and molecular levels. 
Their value lies not only in improving data accessibility and supporting 
interdisciplinary research, but also in providing complementary 
evidence for surveillance, etiologic investigation, clinical prediction, 
and translational discovery. However, open availability does not 
ensure suitability, validity, or reproducibility. The scientific value 
of these resources depends on question-driven database selection, 
appropriate study design and analysis, transparent reporting, and 
careful assessment of robustness and generalizability. Overall, the 
future impact of public biomedical databases will depend not only on 
broader access, but also on sustained efforts to improve methodological 
rigor, reproducibility, and governance. 

Author contributions

ML: Conceptualization, Methodology, Writing – original draft, 
Writing – review and editing. ZY: Conceptualization, Methodology, 
Writing – original draft, Writing – review and editing. HL: Data 
curation, Investigation, Validation, Writing – review and editing. 

PM: Data curation, Investigation, Validation, Writing – review and 
editing. HP: Data curation, Investigation, Validation, Writing – 
review and editing. YL: Data curation, Investigation, Validation, 
Writing – review and editing. QW: Data curation, Investigation, 
Validation, Writing – review and editing. YS: Data curation, 
Investigation, Validation, Writing – review and editing. XX: Project 
administration, Supervision, Writing – review and editing. YZ: 
Funding acquisition, Project administration, Supervision, Writing – 
review and editing. 

Funding

The author(s) declared that financial support was received for 
this work and/or its publication. This work was supported by 
the National Key Research and Development Program of China 
(grant number 2025YFC3512805), the National Natural Science 
Foundation of China (grant number 82575263), the Scientific and 
Technological Innovation Project of China Academy of Chinese 
Medical Sciences (grant number KC2025031) and the Scientific and 
Technological Innovation Project of China Academy of Chinese 
Medical Sciences (grant number CI2021A05042).

Acknowledgements

The authors thank their colleagues and affiliated institutions for 
helpful discussions and technical support.

Conflict of interest

The author(s) declared that this work was conducted in the 
absence of any commercial or financial relationships that could be 
construed as a potential conflict of interest.

Generative AI statement

The author(s) declared that generative AI was used in the 
creation of this manuscript. The author declares that generative 
AI was used to create this manuscript. The author(s) take full 
responsibility for the use of generative AI in the preparation of 
this manuscript. Specifically, ChatGPT (OpenAI) is used to assist 
in language polishing, improve grammar, and readability. Artificial 
intelligence tools do not contribute to the scientific content, analysis, 
or conclusions of work.

Any alternative text (alt text) provided alongside figures in 
this article has been generated by Frontiers with the support of 
artificial intelligence and reasonable efforts have been made to 
ensure accuracy, including review by the authors wherever possible. 
If you identify any issues, please contact us.

Publisher’s note

All claims expressed in this article are solely those 
of the authors and do not necessarily represent those of

Frontiers in Bioinformatics 16 frontiersin.org

https://doi.org/10.3389/fbinf.2026.1782956
https://www.frontiersin.org/journals/bioinformatics
https://www.frontiersin.org


Liu et al. 10.3389/fbinf.2026.1782956

their affiliated organizations, or those of the publisher, 
the editors and the reviewers. Any product that may be 
evaluated in this article, or claim that may be made by 
its manufacturer, is not guaranteed or endorsed by the
publisher.

Supplementary material

The Supplementary Material for this article can be 
found online at: https://www.frontiersin.org/articles/10.3389/
fbinf.2026.1782956/full#supplementary-material

References

Abugessaisa, I., Ramilowski, J. A., Lizio, M., Severin, J., Hasegawa, A., Harshbarger, 
J., et al. (2021). FANTOM enters 20th year: expansion of transcriptomic atlases 
and functional annotation of non-coding RNAs. Nucleic Acids Res. 49, D892–D898. 
doi:10.1093/nar/gkaa1054

Ahluwalia, N., Dwyer, J., Terry, A., Moshfegh, A., and Johnson, C. (2016). Update 
on NHANES dietary data: focus on collection, release, analytical considerations, 
and uses to inform public policy. Adv. Nutr. (bethesda Md,) 7 (7), 121–134. 
doi:10.3945/an.115.009258

Allen, N. E., Lacey, B., Lawlor, D. A., Pell, J. P., Gallacher, J., Smeeth, L., et al. (2024). 
Prospective study design and data analysis in UK biobank. Sci. Transl. Med. 16, 
eadf4428. doi:10.1126/scitranslmed.adf4428

Austin, P. C. (2011). An introduction to propensity score methods for reducing the 
effects of confounding in observational studies. Multivar. Behav. Res. 46, 399–424. 
doi:10.1080/00273171.2011.568786

Bellazzi, R. (2014). Big data and biomedical informatics: a challenging opportunity. 
Yearb. Med. Inf. 23, 8–13. doi:10.15265/IY-2014-0024

Benchimol, E. I., Smeeth, L., Guttmann, A., Harron, K., Moher, D., Petersen, 
I., et al. (2015). The REporting of studies conducted using observational 
routinely-collected health data (RECORD) statement. PLoS Med. 12, e1001885. 
doi:10.1371/journal.pmed.1001885

Boffa, D. J., Rosen, J. E., Mallin, K., Loomis, A., Gay, G., Palis, B., et al. (2017). Using the 
national cancer database for outcomes research: a review. JAMA Oncol. 3, 1722–1728. 
doi:10.1001/jamaoncol.2016.6905

Börsch-Supan, A., Brandt, M., Hunkler, C., Kneip, T., Korbmacher, J., Malter, F., et al. 
(2013). Data resource profile: the survey of health, ageing and retirement in Europe 
(SHARE). Int. J. Epidemiol. 42, 992–1001. doi:10.1093/ije/dyt088

Brazma, A., Parkinson, H., Sarkans, U., Shojatalab, M., Vilo, J., Abeygunawardena, N., 
et al. (2003). ArrayExpress–a public repository for microarray gene expression data at 
the EBI. Nucleic Acids Res. 31, 68–71. doi:10.1093/nar/gkg091

Brazma, A., Ball, C., Bumgarner, R., Furlanello, C., Miller, M., Quackenbush, J., 
et al. (2012). MINSEQE: Minimum Information About a high-throughput Nucleotide 
Sequencing Experiment - A Proposal for Standards in Functional Genomic Data 
Reporting. doi:10.5281/ZENODO.5706412

Burgin, J., Ahamed, A., Cummins, C., Devraj, R., Gueye, K., Gupta, D., et al. 
(2023). The European nucleotide archive in 2022. Nucleic Acids Res. 51, D121–D125. 
doi:10.1093/nar/gkac1051

Carpenter, J. R., and Smuk, M. (2021). Missing data: a statistical framework for practice. 
Biom J. Z (63), 915–947. doi:10.1002/bimj.202000196

Che, W.-Q., Li, Y.-J., Tsang, C.-K., Wang, Y.-J., Chen, Z., Wang, X.-Y., et al. (2023). How 
to use the surveillance, epidemiology, and end results (SEER) data: research design and 
methodology. Mil. Med. Res. 10, 50. doi:10.1186/s40779-023-00488-2

Chen, Z., Chen, J., Collins, R., Guo, Y., Peto, R., Wu, F., et al. (2011). China kadoorie 
biobank of 0.5 million people: survey methods, baseline characteristics and long-term 
follow-up. Int. J. Epidemiol. 40, 1652–1666. doi:10.1093/ije/dyr120

Clark, K., Vendt, B., Smith, K., Freymann, J., Kirby, J., Koppel, P., et al. (2013). The cancer 
imaging archive (TCIA): maintaining and operating a public information repository. J. 
Digit. Imaging 26, 1045–1057. doi:10.1007/s10278-013-9622-7

Collins, G. S., Moons, K. G. M., Dhiman, P., Riley, R. D., Beam, A. L., Van Calster, 
B., et al. (2024). TRIPOD+AI statement: updated guidance for reporting clinical 
prediction models that use regression or machine learning methods. BMJ 385, e078378. 
doi:10.1136/bmj-2023-078378

Connelly, R., and Platt, L. (2014). Cohort profile: UK millennium cohort study (MCS). 
Int. J. Epidemiol. 43, 1719–1725. doi:10.1093/ije/dyu001

Coughlin, S., Roberts, D., O’Neill, K., and Brooks, P. (2018). Looking to tomorrow’s 
healthcare today: a participatory health perspective. Intern Med. J. 48, 92–96. 
doi:10.1111/imj.13661

Digre, A., and Lindskog, C. (2021). The human protein atlas-spatial localization of the 
human proteome in health and disease. Protein Sci. Publ. Protein Soc. 30, 218–233. 
doi:10.1002/pro.3987

Dinov, I. D. (2016). Methodological challenges and analytic opportunities for modeling 
and interpreting big healthcare data. GigaScience 5, 12. doi:10.1186/s13742-016-0117-6

Dreisbach, C., and Maki, K. (2023). A comparison of hypothesis-driven and data-driven 
research: a case study in multimodal data science in gut-brain axis research. Comput. 
Inf. Nurs. Cin. 41, 497–506. doi:10.1097/CIN.0000000000000954

Edgar, R., Domrachev, M., and Lash, A. E. (2002). Gene expression omnibus: NCBI 
gene expression and hybridization array data repository. Nucleic Acids Res. 30, 207–210. 
doi:10.1093/nar/30.1.207

Feng, Q., Lacey, B., Bešević, J., Omiyale, W., Conroy, M., Starkey, F., et al. (2023). 
UK biobank: enhanced assessment of the epidemiology and long-term impact 
of coronavirus disease-2019. Camb Prisms, Precis. Med. 1, e30. doi:10.1017/pcm.
2023.18

Friede, A., Reid, J. A., and Ory, H. W. (1993). CDC WONDER: a comprehensive on-line 
public health information system of the centers for disease control and prevention. Am. 
J. Public Health 83, 1289–1294. doi:10.2105/AJPH.83.9.1289

Fry, A., Littlejohns, T. J., Sudlow, C., Doherty, N., Adamska, L., Sprosen, T., et al. (2017). 
Comparison of sociodemographic and health-related characteristics of UK biobank 
participants with those of the general population. Am. J. Epidemiol. 186, 1026–1034. 
doi:10.1093/aje/kwx246

Garg, M., Karpinski, M., Matelska, D., Middleton, L., Burren, O. S., Hu, F., et al. (2024). 
Disease prediction with multi-omics and biomarkers empowers case–control genetic 
discoveries in the UK biobank. Nat. Genet. 56, 1821–1831. doi:10.1038/s41588-024-
01898-1

GBD. (2016). Disease and injury incidence and prevalence collaborators. Global, 
regional, and national incidence, prevalence, and years lived with disability for 328 
diseases and injuries for 195 countries, 1990-2016: a systematic analysis for the 
global burden of disease study 2016. Lancet 390, 1211–1259. doi:10.1016/S0140-
6736(17)32154-2

GBD. (2024). 2021 Lower respiratory infections and antimicrobial resistance 
collaborators Global, regional, and national incidence and mortality burden of 
non-COVID-19 lower respiratory infections and aetiologies, 1990-2021: a systematic 
analysis from the global burden of disease study 2021. Lancet, Infect. Dis. 24, 974–1002. 
doi:10.1016/S1473-3099(24)00176-2

GBD 2021 Other Musculoskeletal Disorders Collaborators (2023). Global, regional, and 
national burden of other musculoskeletal disorders, 1990-2020, and projections to 2050: 
a systematic analysis of the global burden of disease study 2021. Lancet, Rheumatol. 5 
(5), e670–e682. doi:10.1016/S2665-9913(23)00232-1

Ghaffar, A., Nyholt, D. R., and International Headache Genetics Consortium (2023). 
Integrating eQTL and GWAS data characterises established and identifies novel 
migraine risk loci. Hum. Genet. 142, 1113–1137. doi:10.1007/s00439-023-02568-8

Groenwold, R. H. H. (2020). Informative missingness in electronic health record 
systems: the curse of knowing. Diagn Progn. Res. 4, 8. doi:10.1186/s41512-020-00077-0

Han, X., Hou, C., Yang, H., Chen, W., Ying, Z., Hu, Y., et al. (2021). Disease trajectories 
and mortality among individuals diagnosed with depression: a community-based 
cohort study in UK biobank. Mol. Psychiatry 26, 6736–6746. doi:10.1038/s41380-021-
01170-6

He, Z., Li, G., Chen, Z., Hu, Z., Wang, Q., Huang, G., et al. (2024). Trajectories of pain 
and their associations with long-term cognitive decline in older adults: evidence from 
two longitudinal cohorts. Age Ageing 53, afae183. doi:10.1093/ageing/afae183

Hendrix, J. A., Finger, B., Weiner, M. W., Frisoni, G. B., Iwatsubo, T., Rowe, C. C., 
et al. (2015). The worldwide alzheimer’s disease neuroimaging initiative: an update, 
Alzheimers Dement. 11, 850–859. doi:10.1016/j.jalz.2015.05.008

Hockley, C., Quigley, M. A., Hughes, G., Calderwood, L., Joshi, H., and Davidson, L. 
L. (2008). Linking millennium cohort data to birth registration and hospital episode 
records, Paediatr. Perinat. Epidemiol., 22:99–109. doi:10.1111/j.1365-3016.2007.00902.x

Hu, H., An, S., Sha, T., Wu, F., Jin, Y., Li, L., et al. (2022). Association 
between dexmedetomidine administration and outcomes in critically ill 
patients with sepsis-associated acute kidney injury. J. Clin. Anesth. 83, 110960. 
doi:10.1016/j.jclinane.2022.110960

Ichimura, H., Shimizutani, S., and Hashimoto, H. (2009). JSTAR First Results 2009 
Report.

Jaffe, A. E., and Irizarry, R. A. (2014). Accounting for cellular heterogeneity is critical in 
epigenome-wide association studies. Genome Biol. 15, R31. doi:10.1186/gb-2014-15-2-
r31

Frontiers in Bioinformatics 17 frontiersin.org

https://doi.org/10.3389/fbinf.2026.1782956
https://www.frontiersin.org/articles/10.3389/fbinf.2026.1782956/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fbinf.2026.1782956/full#supplementary-material
https://doi.org/10.1093/nar/gkaa1054
https://doi.org/10.3945/an.115.009258
https://doi.org/10.1126/scitranslmed.adf4428
https://doi.org/10.1080/00273171.2011.568786
https://doi.org/10.15265/IY-2014-0024
https://doi.org/10.1371/journal.pmed.1001885
https://doi.org/10.1001/jamaoncol.2016.6905
https://doi.org/10.1093/ije/dyt088
https://doi.org/10.1093/nar/gkg091
https://doi.org/10.5281/ZENODO.5706412
https://doi.org/10.1093/nar/gkac1051
https://doi.org/10.1002/bimj.202000196
https://doi.org/10.1186/s40779-023-00488-2
https://doi.org/10.1093/ije/dyr120
https://doi.org/10.1007/s10278-013-9622-7
https://doi.org/10.1136/bmj-2023-078378
https://doi.org/10.1093/ije/dyu001
https://doi.org/10.1111/imj.13661
https://doi.org/10.1002/pro.3987
https://doi.org/10.1186/s13742-016-0117-6
https://doi.org/10.1097/CIN.0000000000000954
https://doi.org/10.1093/nar/30.1.207
https://doi.org/10.1017/pcm.2023.18
https://doi.org/10.1017/pcm.2023.18
https://doi.org/10.2105/AJPH.83.9.1289
https://doi.org/10.1093/aje/kwx246
https://doi.org/10.1038/s41588-024-01898-1
https://doi.org/10.1038/s41588-024-01898-1
https://doi.org/10.1016/S0140-6736(17)32154-2
https://doi.org/10.1016/S0140-6736(17)32154-2
https://doi.org/10.1016/S1473-3099(24)00176-2
https://doi.org/10.1016/S2665-9913(23)00232-1
https://doi.org/10.1007/s00439-023-02568-8
https://doi.org/10.1186/s41512-020-00077-0
https://doi.org/10.1038/s41380-021-01170-6
https://doi.org/10.1038/s41380-021-01170-6
https://doi.org/10.1093/ageing/afae183
https://doi.org/10.1016/j.jalz.2015.05.008
https://doi.org/10.1111/j.1365-3016.2007.00902.x
https://doi.org/10.1016/j.jclinane.2022.110960
https://doi.org/10.1186/gb-2014-15-2-r31
https://doi.org/10.1186/gb-2014-15-2-r31
https://www.frontiersin.org/journals/bioinformatics
https://www.frontiersin.org


Liu et al. 10.3389/fbinf.2026.1782956

Katz, K., Shutov, O., Lapoint, R., Kimelman, M., Brister, J. R., and O’Sullivan, C. (2022). 
The sequence read archive: a decade more of explosive growth. Nucleic Acids Res. 50, 
D387–D390. doi:10.1093/nar/gkab1053

Kim, Y., Park, S., Kim, N.-S., and Lee, B.-K. (2013). Inappropriate survey design analysis 
of the korean national health and nutrition examination survey may produce biased 
results. J. Prev. Med. Pub Health 46, 96–104. doi:10.3961/jpmph.2013.46.2.96

Kweon, S., Kim, Y., Jang, M., Kim, Y., Kim, K., Choi, S., et al. (2014). Data resource 
profile: the korea national health and nutrition examination survey (KNHANES). Int. 
J. Epidemiol. 43, 69–77. doi:10.1093/ije/dyt228

Lonsdale, J., Thomas, J., Salvatore, M., Phillips, R., Lo, E., Shad, S., et al. 
(2013). The genotype-tissue expression (GTEx) project. Nat. Genet. 45, 580–585. 
doi:10.1038/ng.2653

LaMontagne, P. J., Benzinger, T. L., Morris, J. C., Keefe, S., Hornbeck, R., Xiong, C., et al. 
(2019). OASIS-3: Longitudinal Neuroimaging, Clinical, and Cognitive Dataset for Normal 
Aging and Alzheimer Disease. doi:10.1101/2019.12.13.19014902

Lee, H. A., Kim, H. R., Park, H., Jung, S.-Y., Jeon, J.-P., Park, B., et al. (2025). 
Data resource profile: the statistics of the korea national health and nutrition 
examination survey (KNHANES) biobank project. J. Korean Med. Sci. 40, e189. 
doi:10.3346/jkms.2025.40.e189

Leek, J. T., Scharpf, R. B., Bravo, H. C., Simcha, D., Langmead, B., Johnson, W. E., et al. 
(2010). Tackling the widespread and critical impact of batch effects in high-throughput 
data. Nat. Rev. Genet. 11, 733–739. doi:10.1038/nrg2825

Leurent, B., Gomes, M., Faria, R., Morris, S., Grieve, R., and Carpenter, J. R. (2018). 
Sensitivity analysis for not-at-random missing data in trial-based cost-effectiveness 
analysis: a tutorial. Pharmacoeconomics 36, 889–901. doi:10.1007/s40273-018-0650-5

Li, Z., Chen, S., Feng, W., Luo, Y., Lai, H., Li, Q., et al. (2020). A pan-cancer analysis 
of HER2 index revealed transcriptional pattern for precise selection of HER2-targeted 
therapy. Ebiomedicine 62, 103074. doi:10.1016/j.ebiom.2020.103074

Lin, B. D., Pries, L.-K., Sarac, H. S., Van Os, J., Rutten, B. P. F., Luykx, J., et al. 
(2022). Nongenetic factors associated with psychotic experiences among UK biobank 
participants: exposome-wide analysis and mendelian randomization analysis. JAMA 
Psychiatry 79, 857–868. doi:10.1001/jamapsychiatry.2022.1655

Liu, W., Peng, Z.-Z., Zhao, D.-Q., Liu, Y., and Liao, K. (2025). The burden of gastric 
cancer attributed to high salt intake and predictions through the year 2042: a cross-
national comparative analysis of China, Japan, and South Korea. Front. Nutr. 12, 
1584400. doi:10.3389/fnut.2025.1584400

Science PG. (2025). Low-Quality Papers are Surging by Exploiting Public Data Sets and 
AI. doi:10.1126/science.zgawnij

Łukaszuk, T., Krawczuk, J., Żyła, K., and Kęsik, J. (2024). Stability of feature selection in 
multi-omics data analysis. Appl. Sci. 14, 11103. doi:10.3390/app142311103

Lund, J. L., Richardson, D. B., and Stürmer, T. (2015). The active comparator, new 
user study design in pharmacoepidemiology: historical foundations and contemporary 
application. Curr. Epidemiol Rep 2 (2), 221–228. doi:10.1007/s40471-015-0053-5

Luo, Y., Hitz, B. C., Gabdank, I., Hilton, J. A., Kagda, M. S., Lam, B., et al. (2020). New 
developments on the encyclopedia of DNA elements (ENCODE) data portal. Nucleic 
Acids Res. 48, D882–D889. doi:10.1093/nar/gkz1062

Luo, S., Chen, W., Hu, W., Wang, H. H. X., Li, J., Guo, V. Y., et al. (2025). Parental 
education, own education, and cognitive function in middle-aged and older adults. 
JAMA Netw. Open 8, e2513036. doi:10.1001/jamanetworkopen.2025.13036

Lv, Y., Yang, Z., Ye, L., Jiang, M., Zhou, J., Guo, Y., et al. (2023). Long-term fine particular 
exposure and incidence of frailty in older adults: findings from the Chinese longitudinal 
healthy longevity survey. Age Ageing 52, afad009. doi:10.1093/ageing/afad009

Madden, J. M., Lakoma, M. D., Rusinak, D., Lu, C. Y., and Soumerai, S. B. (2016). 
Missing clinical and behavioral health data in a large electronic health record (EHR) 
system. J. Am. Med. Inf. Assoc. JAMIA 23, 1143–1149. doi:10.1093/jamia/ocw021

Mallin, K., Browner, A., Palis, B., Gay, G., McCabe, R., Nogueira, L., et al. (2019). 
Incident cases captured in the national cancer database compared with those in 
U.S. population based central cancer registries in 2012-2014. Ann. Surg. Oncol. 26, 
1604–1612. doi:10.1245/s10434-019-07213-1

Marcus, D. S., Wang, T. H., Parker, J., Csernansky, J. G., Morris, J. C., and Buckner, R. 
L. (2007). Open access series of imaging studies (OASIS): cross-sectional MRI data in 
young, middle aged, nondemented, and demented older adults. J. Cogn. Neurosci. 19, 
1498–1507. doi:10.1162/jocn.2007.19.9.1498

Mark, R. (2016). “The story of MIMIC,” in Secondary Analysis of Electronic Health 
Records. Cham: Springer International Publishing, 43–49. doi:10.1007/978-3-319-
43742-2_5

Mazurowski, M. A., Desjardins, A., and Malof, J. M. (2013). Imaging descriptors 
improve the predictive power of survival models for glioblastoma patients. Neuro-oncol
15, 1389–1394. doi:10.1093/neuonc/nos335

McCabe, R. M. (2019). National cancer database: the past, present, and future of the 
cancer registry and its efforts to improve the quality of cancer care. Semin. Radiat. Oncol.
29, 323–325. doi:10.1016/j.semradonc.2019.05.005

Murray, C. J. L. (2022). The global burden of disease study at 30 years. Nat. Med. 28, 
2019–2026. doi:10.1038/s41591-022-01990-1

Oh, K., Kim, Y., Kweon, S., Kim, S., Yun, S., Park, S., et al. (2021). Korea national 
health and nutrition examination survey, 20th anniversary: accomplishments and 
future directions. Epidemiol. Health 43, e2021025. doi:10.4178/epih.e2021025

Park, H. S., Lloyd, S., Decker, R. H., Wilson, L. D., and Yu, J. B. (2012). 
Overview of the surveillance, epidemiology, and end results database: evolution, 
data variables, and quality assurance. Curr. Probl. Cancer 36, 183–190. 
doi:10.1016/j.currproblcancer.2012.03.007

Parker, K. R., McGrath, R., Rhee, Y., and Hamm, J. (2025). Western Mediterranean diet 
predicts 9-year changes in episodic memory in an adult lifespan sample of americans. 
J. Alzheimer’s Dis. Jad. 104, 943–952. doi:10.1177/13872877251320861

Pollard, T. J., Johnson, A. E. W., Raffa, J. D., Celi, L. A., Mark, R. G., and 
Badawi, O. (2018). The eICU collaborative research database, a freely available multi-
center database for critical care research. Sci. Data 5, 180178. doi:10.1038/sdata.
2018.178

Popkin, B. M., Du, S., Zhai, F., and Zhang, B. (2010). Cohort profile: the China 
health and nutrition survey—monitoring and understanding socio-economic and 
health change in China, 1989–2011. Int. J. Epidemiol. 39, 1435–1440. doi:10.1093/ije/
dyp322

Prior, F., Smith, K., Sharma, A., Kirby, J., Tarbox, L., Clark, K., et al. (2017). The public 
cancer radiology imaging collections of the cancer imaging archive. Sci. Data 4, 170124. 
doi:10.1038/sdata.2017.124

Qin, J., Tang, N., Huang, D., Zhang, Z., Lu, G., Chen, Y., et al. (2025). 
Integrated proteomic network analysis reveals PTPRC as a central hub protein 
orchestrating co-expression modules and metabolic dysregulation in renal 
carcinoma: PTPRC protein molecular action. Int. J. Biol. Macromol. 311, 144056. 
doi:10.1016/j.ijbiomac.2025.144056

Radler, B. T. (2014). The midlife in the United states (MIDUS) series: a national 
longitudinal study of health and well-being. Open Health Data 2, e3. doi:10.5334/ohd.ai

Radler, B. T., and Ryff, C. D. (2010). Who participates? Accounting for longitudinal 
retention in the MIDUS national study of health and well-being. J. Aging Health 22, 
307–331. doi:10.1177/0898264309358617

Rahnenführer, J., De Bin, R., Benner, A., Ambrogi, F., Lusa, L., Boulesteix, A.-
L., et al. (2023). Statistical analysis of high-dimensional biomedical data: a gentle 
introduction to analytical goals, common approaches and challenges. BMC Med. 21, 
182. doi:10.1186/s12916-023-02858-y

Riley, R. D., Ensor, J., Snell, K. I. E., Debray, T. P. A., Altman, D. G., Moons, K. G. M., 
et al. (2016). External validation of clinical prediction models using big datasets from 
e-health records or IPD meta-analysis: opportunities and challenges. BMJ 353, i3140. 
doi:10.1136/bmj.i3140

Roadmap, E. C., Kundaje, A., Meuleman, W., Ernst, J., Bilenky, M., Yen, A., et al. 
(2015). Integrative analysis of 111 reference human epigenomes. Nature 518, 317–330. 
doi:10.1038/nature14248

Rogers, P., Wang, D., and Lu, Z. (2021). Medical information mart for intensive care: a 
foundation for the fusion of artificial intelligence and real-world data. Front. Artif. Intell.
4, 691626. doi:10.3389/frai.2021.691626

Rudolph, J. E., Zhong, Y., Duggal, P., Mehta, S. H., and Lau, B. (2023). Defining 
representativeness of study samples in medical and population health research. BMJ 
Med. 2, e000399. doi:10.1136/bmjmed-2022-000399

Rusthoven, C. G., Rabinovitch, R. A., Jones, B. L., Koshy, M., Amini, A., Yeh, N., et al. 
(2016). The impact of postmastectomy and regional nodal radiation after neoadjuvant 
chemotherapy for clinically lymph node-positive breast cancer: a national cancer 
database (NCDB) analysis. Ann. Oncol. Off. J. Eur. Soc. Med. Oncol. 27, 818–827. 
doi:10.1093/annonc/mdw046

Saha, P., Ravanan, P., and Talwar, P. (2025). A multi-omics exploration of PPARG 
activation in colon cancer: kinases featuring a PPRE sequence within regulatory regions. 
Biol. Direct 20, 68. doi:10.1186/s13062-025-00654-7

Sakshaug, J. W., and West, B. T. (2014). Important considerations when analyzing health 
survey data collected using a complex sample design. Am. J. Public Health 104, 15–16. 
doi:10.2105/AJPH.2013.301515

Schlick, C. J. R., Castle, J. P., and Bentrem, D. J. (2018). Utilizing big data in cancer care. 
Surg. Oncol. Clin. N. Am. 27, 641–652. doi:10.1016/j.soc.2018.05.005

Schmidt, B., and Hildebrandt, A. (2017). Next-generation sequencing: big 
data meets high performance computing. Drug Discov. Today 22, 712–717. 
doi:10.1016/j.drudis.2017.01.014

Scruggs, S. B., Watson, K., Su, A. I., Hermjakob, H., Yates, J. R., Lindsey, M. 
L., et al. (2015). Harnessing the heart of big data. Circ. Res. 116, 1115–1119. 
doi:10.1161/CIRCRESAHA.115.306013

Segan, L., Canovas, R., Nanayakkara, S., Chieng, D., Prabhu, S., Voskoboinik, A., et al. 
(2023). New-onset atrial fibrillation prediction: the HARMS2-AF risk score. Eur. Heart 
J. 44, 3443–3452. doi:10.1093/eurheartj/ehad375

Shmueli, G. (2010). To explain or to predict? Stat. Sci. 25, 25. doi:10.1214/10-STS330

Smith, D. A., Wang, T., Freeman, O., Crichton, C., Salih, H., Matthews, P. C., et al. (2020). 
National institute for health research health informatics collaborative: development of 
a pipeline to collate electronic clinical data for viral hepatitis research. BMJ Health Care 
Inf. 27, e100145. doi:10.1136/bmjhci-2020-100145

Frontiers in Bioinformatics 18 frontiersin.org

https://doi.org/10.3389/fbinf.2026.1782956
https://doi.org/10.1093/nar/gkab1053
https://doi.org/10.3961/jpmph.2013.46.2.96
https://doi.org/10.1093/ije/dyt228
https://doi.org/10.1038/ng.2653
https://doi.org/10.1101/2019.12.13.19014902
https://doi.org/10.3346/jkms.2025.40.e189
https://doi.org/10.1038/nrg2825
https://doi.org/10.1007/s40273-018-0650-5
https://doi.org/10.1016/j.ebiom.2020.103074
https://doi.org/10.1001/jamapsychiatry.2022.1655
https://doi.org/10.3389/fnut.2025.1584400
https://doi.org/10.1126/science.zgawnij
https://doi.org/10.3390/app142311103
https://doi.org/10.1007/s40471-015-0053-5
https://doi.org/10.1093/nar/gkz1062
https://doi.org/10.1001/jamanetworkopen.2025.13036
https://doi.org/10.1093/ageing/afad009
https://doi.org/10.1093/jamia/ocw021
https://doi.org/10.1245/s10434-019-07213-1
https://doi.org/10.1162/jocn.2007.19.9.1498
https://doi.org/10.1007/978-3-319-43742-2\string_5
https://doi.org/10.1007/978-3-319-43742-2\string_5
https://doi.org/10.1093/neuonc/nos335
https://doi.org/10.1016/j.semradonc.2019.05.005
https://doi.org/10.1038/s41591-022-01990-1
https://doi.org/10.4178/epih.e2021025
https://doi.org/10.1016/j.currproblcancer.2012.03.007
https://doi.org/10.1177/13872877251320861
https://doi.org/10.1038/sdata.2018.178
https://doi.org/10.1038/sdata.2018.178
https://doi.org/10.1093/ije/ dyp322
https://doi.org/10.1093/ije/ dyp322
https://doi.org/10.1038/sdata.2017.124
https://doi.org/10.1016/j.ijbiomac.2025.144056
https://doi.org/10.5334/ohd.ai
https://doi.org/10.1177/0898264309358617
https://doi.org/10.1186/s12916-023-02858-y
https://doi.org/10.1136/bmj.i3140
https://doi.org/10.1038/nature14248
https://doi.org/10.3389/frai.2021.691626
https://doi.org/10.1136/bmjmed-2022-000399
https://doi.org/10.1093/annonc/mdw046
https://doi.org/10.1186/s13062-025-00654-7
https://doi.org/10.2105/AJPH.2013.301515
https://doi.org/10.1016/j.soc.2018.05.005
https://doi.org/10.1016/j.drudis.2017.01.014
https://doi.org/10.1161/CIRCRESAHA.115.306013
https://doi.org/10.1093/eurheartj/ehad375
https://doi.org/10.1214/10-STS330
https://doi.org/10.1136/bmjhci-2020-100145
https://www.frontiersin.org/journals/bioinformatics
https://www.frontiersin.org


Liu et al. 10.3389/fbinf.2026.1782956

Sonnega, A., Faul, J. D., Ofstedal, M. B., Langa, K. M., Phillips, J. W., and Weir, D. R. 
(2014). Cohort profile: the health and retirement study (HRS). Int. J. Epidemiol. 43, 
576–585. doi:10.1093/ije/dyu067

Steptoe, A., Breeze, E., Banks, J., and Nazroo, J. (2013). Cohort profile: the english 
longitudinal study of ageing. Int. J. Epidemiol. 42, 1640–1648. doi:10.1093/ije/dys168

Stukel, T. A., Fisher, E. S., Wennberg, D. E., Alter, D. A., Gottlieb, D. J., and Vermeulen, 
M. J. (2007). Analysis of observational studies in the presence of treatment selection 
bias: effects of invasive cardiac management on AMI survival using propensity score 
and instrumental variable methods. JAMA 297, 278–285. doi:10.1001/jama.297.3.278

Sun, X., Chen, B., Qi, Y., Wei, M., Chen, W., Wu, X., et al. (2024). Multi-omics mendelian 
randomization integrating GWAS, eQTL and pQTL data revealed GSTM4 as a potential 
drug target for migraine. J. Headache Pain 25, 117. doi:10.1186/s10194-024-01828-w

Tang, Y., Li, N., Dai, L., Wang, X., and Lai, X. (2024). Dynamic changes and prognostic 
value of glutathione S-transferase alpha in mild cognitive impairment and alzheimer’s 
disease. Front. Aging Neurosci. 16, 1517613. doi:10.3389/fnagi.2024.1517613

The 1000 Genomes Project Consortium, Auton, A., Abecasis, G. R., Steering, C., 
Altshuler, D. M., Durbin, R. M., et al. (2015). A global reference for human genetic 
variation. Nature 526, 68–74. doi:10.1038/nature15393

Tian, X., Xue, B., Wang, B., Lei, R., Shan, X., Niu, J., et al. (2022). Physical activity reduces 
the role of blood cadmium on depression: a cross-sectional analysis with NHANES data. 
Environ. Pollut. (barking Essex 1987) 304, 119211. doi:10.1016/j.envpol.2022.119211

Toga, A. W., Neu, S., Sheehan, S. T., Crawford, K., and Alzheimer’s Disease 
Neuroimaand ging Initiative (2024). For the alzheimer’s disease neuroimaging initiative. 
The informatics of ADNI. Alzheimer’s Dement. 20, 7320–7330. doi:10.1002/alz.14099

Tong, H., Sun, J., Fang, J., Zhang, M., Liu, H., Xia, R., et al. (2022). A machine 
learning model based on PET/CT radiomics and clinical characteristics predicts tumor 
immune profiles in non-small cell lung cancer: a retrospective multicohort study. Front. 
Immunol. 13, 859323. doi:10.3389/fimmu.2022.859323

Trehearne, A. (2016). Genetics, lifestyle and environment: UK biobank is an open access 
resource following the lives of 500,000 participants to improve the health of future 
generations. Bundesgesundheitsbl Gesundheitsforsch Gesundheitsschutz 59, 361–367. 
doi:10.1007/s00103-015-2297-0

Tyrer, F., Bhaskaran, K., and Rutherford, M. J. (2022). Immortal time bias for life-long 
conditions in retrospective observational studies using electronic health records. BMC 
Med. Res. Methodol. 22, 86. doi:10.1186/s12874-022-01581-1

Van Horn, J. D., and Toga, A. W. (2014). Human neuroimaging as a “big data” science. 
Brain Imaging Behav. 8, 323–331. doi:10.1007/s11682-013-9255-y

Wang, W., and Krishnan, E. (2014). Big data and clinicians: a review on the state of the 
science. JMIR Med. Inf. 2, e1. doi:10.2196/medinform.2913

Wang, Z., Jensen, M. A., and Zenklusen, J. C. (2016). “A practical guide to the cancer 
genome atlas (TCGA),” in Statistical Genomics. Methods in Molecular Biology. Editors 
E. Mathé, and S. Davis (New York, NY: Springer New York), 111–141. doi:10.1007/978-
1-4939-3578-9_6

Wang, Y., Liu, M., Yang, F., Chen, H., Wang, Y., and Liu, J. (2024). The associations 
of socioeconomic status, social activities, and loneliness with depressive symptoms in 
adults aged 50 years and older across 24 countries: findings from five prospective cohort 
studies. Lancet, Healthy Longev. 5, 100618. doi:10.1016/j.lanhl.2024.07.001

Weiner, M. W., and Veitch, D. P. (2015). Introduction to special issue: overview 
of alzheimer’s disease neuroimaging initiative. Alzheimer’s Dement. 11, 730–733. 
doi:10.1016/j.jalz.2015.05.007

Wishart, D. S., Guo, A., Oler, E., Wang, F., Anjum, A., Peters, H., et al. (2022). HMDB 
5.0: the human metabolome database for 2022. Nucleic Acids Res. 50, D622–D631. 
doi:10.1093/nar/gkab1062

Wong, R., García-Peña, C., Gutiérrez-Robledo, L. M., Aguila, E., and Samper-Ternent, 
R. (2023). 20 years of the mexican health and aging study. Salud Publica Mex. 65, 
423–424. doi:10.21149/15311

Wu, W.-T., Li, Y.-J., Feng, A.-Z., Li, L., Huang, T., Xu, A.-D., et al. (2021). Data mining 
in clinical big data: the frequently used databases, steps, and methodological models. 
Mil. Med. Res. 8, 44. doi:10.1186/s40779-021-00338-z

Xing, M., Kokabi, N., Zhang, D., Ludwig, J. M., and Kim, H. S. (2018). Comparative 
effectiveness of thermal ablation, surgical resection, and active surveillance for 
T1a renal cell carcinoma: a surveillance, epidemiology, and end results (SEER)-
medicare-linked population study. Radiology 288, 81–90. doi:10.1148/radiol.
2018171407

Xiong, C., Jia, Y., Wu, X., Zhao, Y., Yuan, S., Yan, F., et al. (2023). Early 
postoperative acetaminophen administration and severe acute kidney injury after 
cardiac surgery. Am. J. Kidney Dis. Off. J. Natl. Kidney Found. 81, 675–683.e1. 
doi:10.1053/j.ajkd.2022.11.009

Yan, K., Wang, X., Lu, L., and Summers, R. M. (2018). DeepLesion: automated mining 
of large-scale lesion annotations and universal lesion detection with deep learning. J. 
Med. Imaging 5, 1. doi:10.1117/1.JMI.5.3.036501

You, J., Zhang, Y.-R., Wang, H.-F., Yang, M., Feng, J.-F., Yu, J.-T., et al. (2022). 
Development of a novel dementia risk prediction model in the general population: 
a large, longitudinal, population-based machine-learning study. Eclinicalmedicine 53, 
101665. doi:10.1016/j.eclinm.2022.101665

Zeng, Y. (2012). Towards deeper research and better policy for healthy aging –using the 
unique data of chinese longitudinal healthy longevity survey. China Econ. J. 5, 131–149. 
doi:10.1080/17538963.2013.764677

Zhang, B., Zhai, F., Du, S., and Popkin, B. M. (2014). The China health and 
nutrition survey, 1989–2011. Obes. Rev. Off. J. Int. Assoc. Study Obes. 15, 2–7. 
doi:10.1111/obr.12119

Zhang, G.-Q., Cui, L., Mueller, R., Tao, S., Kim, M., Rueschman, M., et al. (2018). The 
national sleep research resource: towards a sleep data commons. J. Am. Med. Inf. Assoc.
25, 1351–1358. doi:10.1093/jamia/ocy064

Zhao, Y., Hu, Y., Smith, J. P., Strauss, J., and Yang, G. (2014). Cohort profile: the 
China health and retirement longitudinal study (CHARLS). Int. J. Epidemiol. 43, 61–68. 
doi:10.1093/ije/dys203

Zhao, W., Fang, P., Lai, C., Xu, X., Wang, Y., Liu, H., et al. (2024). 
Proteome-wide mendelian randomization identifies therapeutic targets for 
ankylosing spondylitis. Front. Immunol. 15, 1366736. doi:10.3389/fimmu.2024.
1366736

Zipf, G., Chiappa, M., Porter, K. S., Ostchega, Y., Lewis, B. G., and Dostal, J. (2013). 
National health and nutrition examination survey: plan and operations, 1999-2010. 
Vital Health Stat. 1 (56), 1–37.

Frontiers in Bioinformatics 19 frontiersin.org

https://doi.org/10.3389/fbinf.2026.1782956
https://doi.org/10.1093/ije/dyu067
https://doi.org/10.1093/ije/dys168
https://doi.org/10.1001/jama.297.3.278
https://doi.org/10.1186/s10194-024-01828-w
https://doi.org/10.3389/fnagi.2024.1517613
https://doi.org/10.1038/nature15393
https://doi.org/10.1016/j.envpol.2022.119211
https://doi.org/10.1002/alz.14099
https://doi.org/10.3389/fimmu.2022.859323
https://doi.org/10.1007/s00103-015-2297-0
https://doi.org/10.1186/s12874-022-01581-1
https://doi.org/10.1007/s11682-013-9255-y
https://doi.org/10.2196/medinform.2913
https://doi.org/10.1007/978-1-4939-3578-9_6
https://doi.org/10.1007/978-1-4939-3578-9_6
https://doi.org/10.1016/j.lanhl.2024.07.001
https://doi.org/10.1016/j.jalz.2015.05.007
https://doi.org/10.1093/nar/gkab1062
https://doi.org/10.21149/15311
https://doi.org/10.1186/s40779-021-00338-z
https://doi.org/10.1148/radiol.2018171407
https://doi.org/10.1148/radiol.2018171407
https://doi.org/10.1053/j.ajkd.2022.11.009
https://doi.org/10.1117/1.JMI.5.3.036501
https://doi.org/10.1016/j.eclinm.2022.101665
https://doi.org/10.1080/17538963.2013.764677
https://doi.org/10.1111/obr.12119
https://doi.org/10.1093/jamia/ocy064
https://doi.org/10.1093/ije/dys203
https://doi.org/10.3389/fimmu.2024.1366736
https://doi.org/10.3389/fimmu.2024.1366736
https://www.frontiersin.org/journals/bioinformatics
https://www.frontiersin.org

	1 Introduction
	2 Classification and overview of public biomedical databases
	2.1 Public health databases
	2.2 Clinical databases
	2.3 Comprehensive cohort databases
	2.4 Omics databases

	3 Major applications of public biomedical databases
	3.1 Population-level epidemiologic research and public health applications
	3.2 Real-world clinical research and predictive modeling
	3.3 Molecular evidence and translational discovery

	4 Data utilization workflows and research strategies
	5 Challenges and recommended practices in using public biomedical databases
	5.1 General challenges in using public biomedical databases
	5.2 Methodological challenges in using different types of public biomedical databases
	5.3 Recommended practices for rigorous and appropriate use of public biomedical databases

	6 Conclusion
	Author contributions
	Funding
	Acknowledgements
	Conflict of interest
	Generative AI statement
	Publisher’s note
	Supplementary material
	titrhcolReferences

