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UK Biobank is a large-scale, prospective study with extensive genetic and phenotypic

data on half a million individuals. Volunteers, aged between 40 and 69 years,

were recruited between 2006 and 2010 from the general population of the

United Kingdom. At recruitment, participants completed a series of questionnaires

on a range of factors (including lifestyle and medical history), physical measurements

were taken and biological samples were collected for long-term storage. Large-scale

assays have been undertaken (including biochemical assays, genotyping, whole

exome and whole genome sequencing, as well as proteomics and metabolomics) with

potential for further assays to be performed on stored samples in the future. The par-

ticipants provided consent for linkage to their health-related records to identify

health outcomes over time. The UK Biobank study, with its vast collection of genetic

data, has enabled researchers worldwide to identify new drug targets for common

diseases of middle and older age, and progress towards precision medicine. As the

UK Biobank resource matures, its value to health-related research will continue to

grow. Thousands of researchers worldwide are actively using UK Biobank data to

improve our understanding of the prevention, diagnosis and treatment of a wide

range of diseases.
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1 | INTRODUCTION

The development of new pharmacological therapies is a lengthy multi-

year, multi-phase process with high rates of attrition at early clinical

stages (Phases 1 and 2), most commonly because a drug demonstrates

unfavourable pharmacokinetics or unacceptable toxicity, or has little

or no clinically meaningful efficacy (Sun et al., 2022). Drugs with

human genetic support for their targets are more than twice as likely

to gain approval than those without genetic support (King et al., 2019;

Minikel et al., 2024). Consequently, there has been a shift in recent

years towards the increasing use of human genetic data in drug dis-

covery and development.

The identification and prioritisation of drug targets during the

pre-clinical stage is a key point in the creation of pharmacological

therapies that can be optimised through the interrogation of large bio-

medical resources. Large-scale population studies with genetic, molec-

ular and health outcome data are uniquely suited to investigate

disease-causing genetic variants and identify perturbations in biologi-

cal pathways that may lead to the development of novel therapeutics.

UK Biobank is one of the world's leading resources, available to

academic and commercial researchers worldwide, and contains a wealth

of genetic, proteomic, metabolomic, lifestyle, environmental and health

outcome data on half a million UK adult volunteers. The study's large

size, breadth of data and long-term follow-up of health outcomes,

coupled with its easy accessibility to researchers worldwide, have

made UK Biobank a unique resource to better understand disease biol-

ogy with potential implications for the discovery of novel drug targets.

This review illustrates how UK Biobank has developed over the

last two decades, and how it facilitates drug discovery research and

progress towards tailored therapy.

2 | THE UK BIOBANK RESOURCE

The UK Biobank is a very large, population-based prospective study

established to allow detailed investigations of the genetic and non-

genetic determinants of the diseases of middle and old age. At the

time of its inception, it was and remains a pioneering study within

the health research landscape (Sudlow et al., 2015).

Between 2006 and 2010, half a million people from across the

United Kingdom were recruited to the study. All participants provided

information about their lifestyle and medical history, underwent a

series of physical measures and provided biological samples (blood,

urine and, for a subset, saliva) for long-term storage (Downey &

Peakman, 2008; Elliott et al., 2008). The participants gave consent for

these samples to be used for health-related research purposes (even

after incapacity or death), to be re-contacted for future assessments,

and for their health to be followed over time by linking to their

health-related records. Ethical approval for the study was provided by

the North West Multi-Centre Research Ethics Committee as a

Research Tissue Bank. The UK Biobank's independent Ethics Advisory

Committee provided guidance and advice on ethical issues arising

from the usage of the resource.

In the United Kingdom, most of the health care provided to the

population is via the National Health Service (NHS). UK Biobank has

established electronic linkage to national death and cancer registries,

hospital inpatient admissions and, for �230,000 participants, primary

care records (up until 2016/2017, depending on the data provider),

which includes coded data on diagnoses, symptoms, prescriptions

(including prescription date, drug code, drug name and quantity,

where available) and laboratory results. Efforts are underway to

extend the primary care linkage to all half a million UK Biobank partici-

pants, because these data are particularly useful for the study of con-

ditions that are unlikely to result in hospitalisation but nonetheless

have significant morbidity (such as diabetes, mental health conditions

and dementia). To support COVID-19 research, UK Biobank obtained

linkage to the national polymerase chain reaction (PCR) test data for

all participants and access to primary care records under an emer-

gency legislation notice issued by the government of the

United Kingdom to enable vital research into COVID-19. As a result,

over 300 research papers have been published on the determinants

and consequences of COVID-19 using UK Biobank data (Beševi�c

et al., 2023; Pavey et al., 2022; Raisi-Estabragh et al., 2020).

3 | ENHANCING DATA COLLECTION IN UK
BIOBANK

Since recruitment, UK Biobank has undertaken a series of enhance-

ments to the resource (Figure 1). Of particular interest to researchers

has been the generation of assay data for all half a million study par-

ticipants from the stored biological samples. This includes over 30 key

biochemistry markers, which were selected for inclusion because they

are either known diagnostic markers or important risk factors for dis-

ease (e.g. cholesterol, sex hormones and markers of kidney and liver

function). Haematology data also are available for the whole cohort,

as well as leukocyte telomere length, a marker of biological ageing

(Codd et al., 2022). Data on antibodies for a range of infections are

currently available for 10,000 participants with plans to expand to

larger numbers of participants, owing to clear evidence of their value

for assessing the role of viral and other infections in the development

of chronic diseases (Mentzer et al., 2022).

Importantly for drug discovery, UK Biobank possesses a wealth of

genetic data. Genotyping data are available for all participants via a

custom-built genotyping array with 850,000 variants directly mea-

sured and more than 90 million imputed (Bycroft et al., 2018). This

dataset has had an impact on genome-wide association study (GWAS)

research and the generation of polygenic risk scores (PRS) for disease

risk stratification. Given the significance of genetic data to drug dis-

covery, whole exome sequencing, which measures genetic variation

within the coding regions of the genome, was funded by an industry

consortium (Szustakowski et al., 2021). Moreover, whole genome

sequencing data, which encompasses the entire DNA sequence of

individuals, was made available on the whole cohort at the end

of 2023 (Li et al., 2023), funded by government, charity and industry,

highlighting the high confidence in the value of these UK Biobank

2 BEŠEVI�C ET AL.

https://www.guidetopharmacology.org/GRAC/LigandDisplayForward?ligandId=2718


data to future biomedical research. Other industry-led enhancements

to the resource include UK Biobank's growing ‘omic’ data. For exam-

ple, a consortium of 13 biopharmaceutical companies funded the gen-

eration of proteomic data using the Olink Explore 3072 platform,

which measures the relative concentrations of about 3000 circulating

proteins across 54,000 participants (Dhindsa et al., 2023; Sun

et al., 2023). Plans were announced in early 2025 to extend these pro-

teomic measures to the full cohort, including repeated measures on

the 100,000 participants who provided a second blood sample at an

imaging assessment some years after their initial visit. Furthermore,

metabolomics data from Nightingale Health, comprising about

250 metabolites, predominantly lipids, are available for �300,000 par-

ticipants (Julkunen et al., 2023), with data on the full cohort expected

to become available to researchers in 2025.

Additional enhancements to UK Biobank have included a series

of online questionnaires sent to �330,000 participants with a known

e-mail address. These questionnaires aim to collect more detailed data

on exposures that were not captured at the recruitment visit (e.g. diet

[Galante et al., 2016] and occupational history [Bradbury et al., 2018])

and on health outcomes that are not easily captured via healthcare

records (e.g. cognitive function, mental health, pain, sleep, autism, pro-

sopagnosia and aphantasia; Brailean et al., 2020; Davis et al., 2020;

Wang et al., 2022).

Between 2012 and 2013, UK Biobank undertook a repeat

assessment of 20,000 participants to allow researchers to adjust for

biases because of a single baseline measurement of an exposure being

a potentially inaccurate characterisation of long-term average

(or ‘usual’) levels (UK Biobank, 2013). Between 2013 and 2016,

100,000 UK Biobank participants wore a wrist-worn accelerometer

for 7 days to obtain objective measures of physical activity and sleep

(Doherty et al., 2017; UK Biobank, 2016), to allow for more accurate

assessment of the impact of physical activity on future disease risk. A

subset of about 3000 participants also wore the accelerometers at

multiple time points over the course of a year to assess the impact of

seasonality on physical activity and sleep.

In 2014, UK Biobank started the world's largest multi-modal

imaging assessment, aiming to image 100,000 of its participants

(Littlejohns et al., 2020). The imaging visit includes magnetic

resonance imaging (MRI) scans of the brain, heart and body (neck-to-

knee); a carotid ultrasound scan to obtain measures of the large arter-

ies; and a dual energy X-ray absorptiometry (DEXA) scan to measure

bone density and fat distribution. The participants also completed the

questionnaires, had physical measurements taken and provided biologi-

cal samples at the recruitment visit. Up to 36,000 participants wore a

cardiac monitor for 14 days to obtain continual measures of the electri-

cal activity of the heart (as well as physical activity and sleep), which

will provide valuable objective data on subclinical atrial fibrillation and

other common cardiac arrhythmias. The sheer size of the imaging study

has necessitated the development of automated pipelines to generate

image-derived phenotypes (such as regional brain volumes, cardiac

structure and function, and body fat measures) (Alfaro-Almagro

et al., 2018; Linge et al., 2018; Liu et al., 2021; Mojtahed et al., 2019;

Sorokin et al., 2022; UK Biobank, 2024; Wilman et al., 2017) that can

be used by both specialists and non-specialists in imaging data to

investigate the associations between the structure and function of

organs and various exposures and health-related outcomes.

To facilitate understanding of the relationship between changes

in organ structure and function as the cause or consequence of dis-

ease, UK Biobank started a repeat imaging study in 2019 to collect a

second series of MRI scans in up to 60,000 participants. This will

enable large-scale assessment of genetic and lifestyle determinants of

changes in imaging-derived measures in middle-to-old age and identi-

fication of early markers related to subsequent disease risk. Details of

all the data available in UK Biobank can be found on the UK Biobank

Data Showcase (online).

4 | A GLOBAL PLATFORM FOR
PHARMACEUTICAL RESEARCH

UK Biobank data are available for access, upon registration, to all bona

fide researchers whether they are based in academic, commercial, gov-

ernmental or charity sectors all over the world. Thousands of

researchers worldwide are currently using UK Biobank data (Figure 2).

To access UK Biobank data, all researchers must submit an applica-

tion, detailing their research question and the potential public health

impact of their proposed project. Data only applications are reviewed

by the scientific team to ensure the proposed research is health

F IGURE 1 A selection of significant milestones in the conduct of UK Biobank. Note: The above timeline does not include all enhancements,
data releases or significant milestones. Abbreviations: IMD (indices of multiple deprivation), NMR (nuclear magnetic resonance), PCR (polymerase
chain reaction) and RAP (research analysis platform).
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related and in the public interest, and applications that require further

discussion are considered by the Access Committee. Because of the

limited availability of biological samples and their depletable nature,

access to samples is carefully considered by the Access Committee to

ensure the sample utility is maximised (Conroy et al., 2019). Further

details on how to apply and the registration process can be found on

the UK Biobank website.

UK Biobank data became available for health-related research in

2012; since then, the number of research projects has increased year

on year (Figure 3). There is no preferential access afforded to any

researcher, and the use of the resource is on the same basis for all

researchers (whether from academia or industry), who undergo rigor-

ous background and international sanctions checks. Charges associ-

ated with accessing the data are in place to cover the costs of

F IGURE 2 Worldwide map illustrating where UK Biobank data is being used.

F IGURE 3 Number of applications to use UK Biobank data by year.
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servicing access to the resource only, rather than the costs incurred

during the setting up of the study.

UK Biobank requires researchers who use the resource to make

their findings publicly available, and the number of publications result-

ing from use of UK Biobank data is growing every year (Figure 4).

Researchers are required to return any newly generated data, includ-

ing data derived from analyses of images or assay data, so that other

researchers may use them. Recognising that not all researchers have

the necessary facilities to process the large volumes of data (which, in

any event, are too large to disseminate), in 2021 UK Biobank launched

the UK Biobank Research Analysis Platform (UKB-RAP), a cloud-

computing platform that brings the researcher to the data. The platform

is currently delivered by DNAnexus, and the data are housed by

Amazon Web Services (AWS; London). Researchers can apply for the

UK Biobank Platform Credits Programme, funded by AWS, to cover

compute costs associated with using the platform, if needed. In 2024,

the UKB-RAP became the principal method through which researchers

can access and analyse data, ensuring rapid data access, enhanced

data control, and compliance with potential future governance require-

ments on the use of NHS health-care record data. Significant efforts

are ongoing to improve the UKB-RAP's functionality and add supple-

mentary capabilities tailored to different researcher requirements.

UK Biobank launched the Global Researcher Access Fund in 2024,

supported by industry partners, to democratise worldwide access to

UK Biobank data for researchers from institutes based in less wealthy

countries. This fund can be used to cover the costs associated with

accessing the UK Biobank resource, and the same researchers also

are eligible for the UK Biobank Platform Credits Programme, meaning

that, through industry support, these researchers can have all their

costs to access and analyse UK Biobank data covered.

5 | UK BIOBANK DATA FOR DRUG
DISCOVERY AND DEVELOPMENT

The wealth of health outcome, genetic and molecular data available in

UK Biobank means that it is arguably the world's leading resource to

investigate the biological pathways that underlie disease develop-

ment. In particular, the scale of the genetic and proteomic data, com-

bined with the accessibility of UK Biobank's data, has positioned the

study as a leading resource for research into drug development,

including drug target identification and validation, investigation of

drug efficacy, and refinement of drug prescribing towards precision

medicine. Although it is still too premature to see UK Biobank's real

impact on drug development (given the recent availability of genome

sequencing and proteomics data), the amount of research in this area

suggests that drug discovery and development will accelerate signifi-

cantly over the next few years based on these data.

5.1 | Genetics-driven target identification

Identifying potential drug targets using genetic data often requires

large population sizes or smaller populations known to be enriched for

the trait or functional genetic variant of interest. Having exome

sequencing data available for half a million participants in UK Biobank

has been crucial to identify potential drug targets for osteoporosis

(Zhou et al., 2023), neuropsychiatric diseases (Deng et al., 2024) and

liver disease (Verweij et al., 2022). UK Biobank genotyping data have

contributed to several large-scale common variant GWAS meta-

analysis of disease and disease relevant traits (Aragam et al., 2022;

Ghouse et al., 2024). Results from such studies can inform on human

F IGURE 4 Number of publications using individual-level UK Biobank data, by year. Note: Publications using summary statistics, or those about
UK Biobank, are not included in this graphic. Details of all publications can be found at https://biobank.ndph.ox.ac.uk/showcase/docs.cgi?id=2.
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relevance of putative drug targets as well as discovery of novel drug

targets. It is important to note that not all targets identified in GWAS

will result in the development of suitable therapeutics as some low

impact genetic variants may be associated with a disease, but their

biological effect on the protein may be negligible so that it does not

warrant replication. To date, rare variants account for the most widely

publicised of genetics-guided targets in drug discovery (Minikel

et al., 2020). For example, data from UK Biobank, along with other

population biobanks, has led to the identification of genetic variants

associated with body mass index (BMI), including rare protein truncat-

ing variants in GPR75 (Akbari et al., 2021). Individuals with one func-

tional copy of the GPR75 gene because of protein truncating variants

had a 1.8 kg/m2 lower BMI and were 54% less likely to be obese than

individuals with two functional GPR75 copies (Akbari et al., 2021). As

a result of this discovery, pharmaceutical companies are now develop-

ing small molecules to mimic the effects of the naturally occurring

protein truncating variants, with a view to developing new drugs to

promote weight loss (Regeneron Pharmaceuticals Inc, 2021).

Whereas whole-exome sequencing data can provide valuable

genetic insights, they have some limitations in predicting the

phenotype of some drug-metabolising enzymes. This is particularly

the case for those enzymes that are highly regulated by intergenic

(i.e., non-coding) variants, contain complex structural genetic variants

(such as large copy number variations) or whose expression is strongly

influenced by epigenetic factors (such as methylation, histone modifi-

cations and post-translational changes)—none of which can be cap-

tured with whole-exome sequencing. Data from whole-genome

sequencing on all half a million participants were made available in

2023 and will provide more insight into the role of genetic variation

on drug metabolism. Similarly, data from long-read sequencing on

50,000 participants will be made available in due course.

5.2 | Proteogenomic driven target identification

In addition to genetic data, proteomic data are invaluable for drug

target identification and development. This is because most drugs act

by targeting proteins in the human body and modulating their activity

(with gene therapies being notable exceptions). Thus, while the identi-

fication of genes associated with disease is valuable to drug discovery,

the successful development of the right drug for the right patient at

the right time (Ashley, 2015; Collins & Varmus, 2015; Kosorok &

Laber, 2019) will depend upon a clearer understanding of the relation-

ship between those genes and their functional products (i.e. proteins).

Furthermore, it is important to know not only the relationship

between genetic variants and traits of interest but also the functional

consequences of these genetic variants on target genes, including

whether and how they modify gene expression, and consequently

protein levels. In UK Biobank, proteomic data have been linked to

genetic data to obtain protein quantitative trait loci (pQTLs)—genetic

loci that are associated with the levels of circulating proteins (Sun

et al., 2023). This, in turn, enables statistical genetic approaches such

as colocalisation and Mendelian Randomisation (MR), which leverages

genetic variants (e.g. pQTLs), to investigate the putative causal associ-

ations of an exposure (e.g. protein concentrations) on an outcome

(e.g. cardiovascular disease). Where there is evidence of pQTLs asso-

ciating with a disease, this could indicate potential drug targets and

inform on a putative drug's mechanisms of action, thereby accelerat-

ing the drug development pipeline.

Several studies have used UK Biobank pQTL data, together with

other datasets, to identify potential new drug targets. For example,

MR approaches have been used in several studies to identify proteins

potentially causally associated with various health outcomes. This

includes five proteins (CD160, DNPH1, LAYN, LRRC37A2 and TLR1)

potentially causally related to breast cancer (Mälarstig et al., 2023),

REG1A and REG1B associated with pancreatic cancer (Lyu

et al., 2024), three proteins (CFH, B3GNT8 and CFHR4) associated

with diabetic retinopathy (Yuan et al., 2024), and thirteen proteins

associated with coronary heart disease, seven of which were causally

associated with myocardial infarction, including PCSK9 and tyrosine-

protein kinase FES (Sun et al., 2024). MR and protein–protein interac-

tion analyses have been employed to identify therapeutic targets for

myasthenia gravis within the BLyS / APRIL pathway, which is targeted

by approved medicines like belimumab and telitacicept (Ouyang

et al., 2024). Dozens of additional putative causal links between circu-

lating proteins and complex illnesses have been reported in the litera-

ture (Hu et al., 2024; Si et al., 2024; Tao et al., 2024; Zhang

et al., 2024; Zhu et al., 2024), which is likely to grow further over the

coming years. Metabolomics data also are useful in predicting and/or

confirming the effect of drug targets. For example, genetically pre-

dicted inhibition of LDL-cholesterol lowering targets, HMGCR and

PCSK9, is associated with (expected) lower lipoprotein levels but had

a negligible effect on glycoprotein acetyls levels, an NMR-derived bio-

marker of systemic inflammation (Richardson et al., 2022).

5.3 | Drug repurposing

The observation that drugs with genetic evidence supporting their

efficacy are more likely to be approved has inspired the use of genetic

data to identify targets for drug repurposing. This involves identifying

novel indications for existing approved drugs and, as a result, acceler-

ates the time to drug approval as the pre-clinical safety checks have

already been completed.

For example, GWAS summary statistics, including those utilising

UK Biobank data, were used to conduct MR and colocalisation ana-

lyses to investigate the plasma proteome as a source of therapeutic

targets identifying >100 potentially causal associations between vari-

ous proteins and health outcomes (Zheng et al., 2020). Drugs, both

approved and in development, were associated with other pheno-

types beyond the ones for which they were developed, suggesting

there are wider opportunities for drug repurposing, such as the poten-

tial repurposing of Kinlytic (urokinase) for the potential treatment of

inflammatory bowel disease (Zheng et al., 2020). Further, the genetic

and proteomic data have identified specific immune-related proteins,

many of which have drugs that are approved or are in advanced
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clinical trials for cardiovascular and autoimmune conditions, are also

implicated in a range of neuropsychiatric conditions, strengthening

the rationale for the repurposing of specific drugs for these tradition-

ally difficult-to-treat conditions (Dardani et al., 2024).

6 | UK BIOBANK AND TAILORED
THERAPY

Medical treatments are generally designed for the average patient,

but it is well known that not all patients will have the same response

to, or success with, a given treatment. Therapy that is tailored to the

individual (often termed personalised, or precision, medicine) involves

the identification of individuals, or groups of individuals, who have

distinct manifestations of disease or differential responses to treat-

ment, so that their treatment can be tailored accordingly. Such a

tailored approach is largely limited in the NHS to the treatment of

some rare diseases and cancers. For example, tamoxifen is provided

to women who specifically have oestrogen receptor-positive breast

cancer (NICE, 2018), and ivacaftor is provided specifically for the

treatment of cystic fibrosis patients who have CFTR gene variants

(Davis et al., 2012; NHS England, 2023). Whilst the application of UK

Biobank to drug discovery is currently more established than its use in

tailoring therapy, the availability of large-scale genomic and longitudi-

nal data provides an important opportunity for future research in this

area, even though this work remains in its infancy.

6.1 | Pharmacogenomics

Pharmacogenomics refers to the identification and study of genetic

variants that influence drug metabolism, transport, efficacy and toxic-

ity. It can help identify different patient subpopulations to enable a

personalised treatment approach. A personalised approach to drug

prescription based on the patient's genetic and/or molecular makeup

can improve drug safety and efficacy, and potentially reduce health-

care costs. Several UK Biobank studies have investigated known phar-

macogenes and their effect on drug responses (McInnes et al., 2021;

Sangkuhl et al., 2023; Wendt et al., 2021), and others have gone

beyond known pharmacogenes to identify novel variants associated

with drug response (Lavertu et al., 2020; Sadler et al., 2024). Indeed,

research from UK Biobank suggests that almost everyone has action-

able pharmacogenetic variants (across the 14 genes studied) that

could affect treatment response (McInnes et al., 2021), highlighting

the potential importance of integrating genetic information into

tailored treatment strategies.

Although not focussing on the drug target gene itself, the identifi-

cation of individuals who metabolise drugs differently also is impor-

tant in tailoring treatment. For example, associations between certain

pharmacogenes and drug responses have shown that the dosage

required by patients varied according to their genetic profile, notably

those with a particular CYP2C19 variant requiring a lower warfarin

maintenance dose (McInnes & Altman, 2021). As such, genetic

profiling could aid the optimisation of warfarin prescription, although

it is worth noting that other factors, such as diet, liver function and

other drug–drug interactions may have a large impact on dosage

requirements over the long term. Having repeated longitudinal mea-

surements of relevant traits before, during and after treatment is

important to monitor the efficacy of such tailored approaches.

6.2 | Research into drug adherence

UK Biobank data also have been used to study the genetic determi-

nants of medication use that might explain inter-individual variability

in treatment response. For example, a large number of genetic loci

(most of which are shared with the underlying risk factors) are

associated with long-term medication adherence and response in

hyperlipidaemia, hypertension and type 2 diabetes (Kiiskinen

et al., 2023), offering potential strategies for personalised medicine

and improved prevention of cardiovascular diseases. Other research

has shown that individuals with a high genetic risk of schizophrenia

and who have a well-known variant in the SLCO1B1 gene tend to

have a lower adherence to statin therapy (as well as an increased risk

of statin-induced myopathy) and were more likely to discontinue

treatment (Türkmen et al., 2022). Conversely, certain variants in the

ABCB1 and ABCG2 genes are associated with improved statin adher-

ence, most likely through increased simvastatin plasma concentration

(Malki et al., 2021). Whereas these findings highlight the potential

benefit of using genetics to tailor interventions to optimise treatment

efficacy, socio-demographic factors, such as education and income,

also are likely to be effective as indicators of medication adherence

(including statin therapy) as genetic predisposition (Hope et al., 2019).

6.3 | Research into side effects

The availability of large-scale studies with a wealth of genetic and clin-

ical data is now facilitating research into the effects of drug targets on

a wide range of health outcomes using phenome-wide association

studies (PheWAS), that investigate the effect of a genetic variant that

reflects a drug target across the whole phenotype in an agnostic

(or unbiased) way, to identify pleiotropic effects that may lead to

adverse side effects. This type of analysis has shown, for example,

that a variant in the interleukin 6 receptor (IL6R) gene, which has a sim-

ilar biochemical effect as IL-6 blocking therapy, is associated with

both a lower risk of aortic aneurism, which is related to its primary

indication of giant cell arthritis, and also with a higher risk of atopic

dermatitis and other dermatological conditions (Cai et al., 2018).

Other research using this approach has found, for example, that a

genetic variant in the PNPLA3 gene is not only associated with an

increased risk of liver disease and raised liver enzymes but also is

associated with lower cholesterol levels and statin use, acne, gout and

gallstones, suggesting that therapeutic inhibition of PNPLA3 could

treat liver diseases, as well as being beneficial for other aspects of

health (Diogo et al., 2018). A similar approach, which used genetic
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instruments as a proxy for the use of statins (or other lipid-lowering

medications), has shown no evidence of adverse disease associations

and, if anything, a suggestive beneficial association with brain health

(denoted with a positive association with hippocampal volume) (Pham

et al., 2023). However, other research has found that a higher geneti-

cally predicted statin response was associated with a small increased

risk of intracerebral haemorrhage risk (Mayerhofer et al., 2022),

highlighting how different analytical methods can produce different

results. In particular, a PheWAS approach, when combined with data on

the genetic determinants of protein levels and tissue-specific genetic

expression, can be particularly useful to inform drug side effects, for

example, in clinical trials (Duffy et al., 2020). Other research focussed

on well-known pharmacogenetic alleles have identified associations

between certain cytochrome P450 enzyme polymorphisms and inci-

dence of side effects with specific drugs. For example, CYP2C19

intermediate-metabolising patients taking citalopram had significantly

lower likelihood of having herpes zoster than normal metabolisers,

providing insights into how treatment strategies could be tailored to

individuals based on genetics (McInnes & Altman, 2021).

6.4 | Disease risk prediction

PRS (polygenic risk scores) estimate the combined effects of genetic

variants on a phenotype of interest, for example, the risk of developing

a disease or the levels of a biological marker (such as, for example, LDL

cholesterol). Identifying genetically predicted ‘at risk’ individuals can

inform which population subgroups may require monitoring or early

intervention (such as screening) to prevent disease onset or reduce

disease severity through optimised treatment or lifestyle changes.

Whereas traditionally the role of genetics in precision medicine

has been largely in relation to rare, single gene variants with a signifi-

cant burden, UK Biobank data have been instrumental to research

investigating the cumulative genetic disease risk burden originating

from common genetic variants. UK Biobank data have been used to

develop risk scores for many health conditions, almost all of which

have a sizeable genetic component (Forgetta et al., 2020; Inouye

et al., 2018; Riveros-Mckay et al., 2021; Sukcharoen et al., 2020). An

early example of this was in 2018, where researchers found that a

particular genetic profile present in 8% of the population was associ-

ated with a three times higher risk of coronary artery disease, com-

pared to the genetic profiles of the remainder of the study population

(Khera et al., 2018). Further, the prevalence of these common risk var-

iants in the population was found to be 20 times higher than rare

monogenic variants that confer a comparable risk. Such scores could

therefore be used to identify individuals who are at high genetic risk

of developing heart disease but do not carry monogenic disease

risk variants (Khera et al., 2018). When considering the benefit, it is

important to note that the same relative reduction in risk may trans-

late to a larger absolute risk reduction in some population subgroups.

For example, a study using UK Biobank exome sequencing data identi-

fied carriers of pathogenic familial hypocholesteraemia variants and

investigated the effects of lifestyle on subsequent risk of disease. The

absolute risk reduction among carriers of pathogenic variants who

maintained a favourable lifestyle was more than twice that observed

among non-carriers (Fahed et al., 2022).

The NHS in England undertook a pilot study to assess the clinical

utility of incorporating PRS into clinical risk scores in primary care.

Integrating PRS into the QRISK2 score (which includes demographic,

lifestyle and clinical information) to predict the 10-year risk of

cardiovascular disease resulted in changes to the care and management

of �30% of patients that had a higher integrated risk score compared

to their QRISK2 score (Fuat et al., 2024). PRS may be of particular

value for conditions for which there are few identified modifiable risk

factors (e.g. prostate cancer), or where the PRS is more discriminatory

at younger ages. Not all disease risk scores require genetic information.

For example, a dementia risk score based on clinical and sociodemo-

graphic information in the UK Biobank population (‘UKBDRS’) outper-
formed existing risk scores developed in other cohorts, with and

without the addition of APOE4 gene status (Anatürk et al., 2023).

Protein-based scores also hold promise for more powerful prediction

of incident diseases. For example, combining circulating proteins like

GFAP, NEFL, GDF15 and LTBP2 with demographic information can

predict 10-year all-cause dementia with similar accuracy to that of

models containing data from cognitive function tests (Guo et al., 2024).

Protein scores also have been shown to outperform PRS-based risk

prediction for type 2 diabetes, likely as a result of the protein score

capturing genetic and environmental risk, whereas PRS only capture

genetic risk (Gadd et al., 2024). Others have used proteomics to better

predict the 10-year incidence of over 200 diseases compared with

existing clinical diagnostic models (Carrasco-Zanini et al., 2024). More

recently a novel research tool has been developed to predict risk of

>3000 diseases leveraging UK Biobank biochemistry, protein and

health outcome data. The tool can identify cases incorrectly classified

as controls, increasing statistical power for genetic discovery with

implications for drug target discovery (Garg et al., 2024).

7 | LIMITATIONS

It is important to acknowledge the inherent limitations of using UK

Biobank, and similar studies, for drug development. It is well docu-

mented that the UK Biobank population is predominantly White, with

88% of the cohort genetically clustered into the ‘White-British’ group
(Bycroft et al., 2018). To date, most genetic studies have been con-

ducted in high-income countries on White-European populations,

with less representation of other ancestries. Lack of diverse popula-

tion ancestries in genetic research can limit the discovery of genetic

variants associated with complex diseases, complicating early disease

detection and diagnosis, as well as slowing genetics-guided drug dis-

covery (Sirugo et al., 2019). Additionally, this limitation may hinder the

generalisability of findings and the development of precision medicine

interventions that effectively cater to individuals from varied ances-

tries, potentially leading to disparities in health-care outcomes. African

ancestry populations are particularly genetically diverse and have

been important in the discovery of drugs for the treatment of
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dyslipidaemia. Loss of function variants in the PCSK9 gene, associated

with lower levels of plasma LDL, were found to occur in 2% of African

Americans but in less than 0.1% of European Americans (Cohen

et al., 2005). Genetically diverse population studies are needed to

enhance the possibility of identifying novel disease variants and drug

targets. It is important to note that while the ethnic distribution of

UK Biobank is reflective of the population structure of the

United Kingdom at the time of recruitment, this has changed over

time and the overall numbers of ethnic minority groups is relatively

small. New studies currently being established, such as Our Future

Health in the United Kingdom and All of Us in the United States, are

seeking to recruit more diverse populations and empower the discov-

ery of novel variants associated with disease.

UK Biobank participants were consented on the basis that they

would not receive any feedback about their individual results

(UK Biobank tests are conducted for research purposes only and are

not diagnostic); as such, it is not possible to re-contact participants to

either invite them to engage in study enhancements or recruitment

into other studies, based on the information that is not known to

them. In the context of genetic pharmacoepidemiology, this prevents

participant recall by genotype. Recall by genotype would be valuable

to investigate phenotypes not assessed within UK Biobank. For

example, it would be informative to study insulin response among

individuals with putative loss of function variants in genes relevant to

diabetes. This is of particular interest in drug discovery research

where recruitment of participants with variants of interest (notably

rare loss of function variants) would allow detailed research into

disease biology that could lead to improved treatments and persona-

lised health care.

Research into some rare diseases may be impeded because of

being a small number of cases in the UK Biobank population. For

example, there will be relatively few participants that have rare, inher-

ited forms of developmental disorders, or disorders that frequently

result in death in childhood or early adulthood. Nonetheless,

researchers are using UK Biobank data for some rare disease

research, including to enhance phenotyping of rare diseases (Patrick

et al., 2022) and to investigate the penetrance of rare variants by

comparing the phenotypic presentation of those with a particular rare

disease and the asymptomatic variant carriers (Blair & Risch, 2024;

Fitzsimmons et al., 2024).

Measurements from one point in time are subject to random

errors that may lead to the underestimation of the strength of associ-

ation with health outcomes (regression dilution bias), similarly within-

person variation over time also will lead to regression dilution (Clarke

et al., 1999). Using repeat measures from a subset of the cohort

allows for correction of regression dilution. Repeat measures are avail-

able for 20,000 participants from the repeat assessment as well as for

participants who have attended an imaging visit, but for most of the

cohort, their exposures, physical measurements and biological samples

were collected only at one time point. UK Biobank plans to invite as

many surviving participants as possible to a repeat of the baseline

assessment which would allow research into how changes in expo-

sures over mid-to-late life affect disease risk. Lack of multiple

longitudinal assessments prevents research that tracks disease pro-

gression over time. For some variables of interest, data are available

through medical records, but this only includes individuals with

chronic or acute medical conditions that have consulted a physician.

Biological factors that trigger disease onset may not be the same as

those that drive disease progression, and therapies are generally

‘reactive’, tailored to manage disease progression rather than prevent

disease onset. As such, the lack of longitudinal data for the whole

cohort limits research into factors influencing disease progression

and, consequently, limits the discovery of drug targets that could

modulate disease progression.

The UK Biobank participants are known to be, on average, slightly

healthier and wealthier than the general population of the same age

range, details of which can be found elsewhere (Fry et al., 2017). For

example, the proportion of current smokers at the time of recruitment

among 45–54-year-old men was 15% in UK Biobank and 22% in the

general population. In contrast, 95% of the cohort are of White eth-

nicity, which was similar to the national population of the same age

range at the time of recruitment (although which declined in recent

years). Furthermore, children and young people are not included, and

pregnant women are underrepresented, owing to the older age range

at recruitment. Whereas the study population is not wholly represen-

tative of the general population from which it was sampled, relation-

ships between exposures and diseases may nonetheless be more

widely generalisable. Generalisability may be assessed by examining

consistency across subgroups and by comparing findings with other

studies (Fry et al., 2017), and analytical techniques are now widely

established to identify and correct for such sampling bias where nec-

essary (Allen et al., 2024; Lash et al., 2014).

Tissue-specific gene expression or protein levels would be of

interest to drug discovery; however, as tissue samples collected as

part of routine health care are not currently collected in UK Biobank,

it is only possible to investigate the circulatory levels of proteins.

Finally, reliance on electronic health records for outcome ascertain-

ment can further exacerbate inequalities, as sociodemographic

inequalities are associated with attendance to health clinics (Kerr

et al., 2023) and the associated reporting. However, linkage to elec-

tronic medical records provides comprehensive coverage and is likely

to be less subjected to bias than reliance on self-report.

8 | FUTURE DIRECTIONS

In addition to the planned repeat assessment of all participants, UK

Biobank is planning to undertake a ‘Brain Health Study’ to enable

research into neurodegenerative disorders. The participants diagnosed

with, or with symptoms of, a neurodegenerative disorder will be

invited to an assessment centre to undertake a series of tests

(e.g. brain MRI, cognitive assessment, blood sample and remote moni-

toring devices) to enable researchers to identify disease subtypes.

Such a study will generate more precise phenotypic and functional

data to enrich routinely available medical records (e.g. hospital inpa-

tient admissions and primary care data), allowing research into the
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biology of neurodegenerative disease subtypes with potential implica-

tions for disease-specific treatment and prevention. To enable

research into molecular subtypes of tumours, the UK Biobank intends

to collect tumour digital histopathology images to enable researchers

to infer tissue-specific gene expression levels. The UK Biobank is also

undertaking additional data linkages to NHS datasets to enhance

health outcome characterisation, including clinical audits and registry

data, which will allow research into specific disease subtypes.

Proteomic data are particularly valuable to drug discovery given

that proteins are the most common targets of pharmaceutical agents.

Generating protein measurements at several time points will facilitate

investigations of how protein levels vary over time and in relation to

certain exposures or disease progression. The extension of the prote-

omics assay to the whole cohort, including repeat samples from the

imaging visits, will increase sample sizes and statistical power for bio-

marker discovery and for research into the temporal dynamics of pro-

teins throughout the progression of common diseases. The Olink

assay is a dual antibody-based platform whose latest iteration mea-

sures approximately 5400 proteins, capturing only a fraction of the

human proteome. The unmeasured proteome may be of great impor-

tance to certain conditions, so additional proteomics technologies,

such as aptamer (Schneider et al., 2022) or NULISA (Feng et al., 2023)

assays, may be warranted in the future. Certain proteins with poten-

tial clinical and diagnostic value are not included in the Olink panel,

such as amyloid beta 40 and 42, as well as pTau-181, pTau-217 and

other phosphorylated tau species, which are of interest for research

into neurodegeneration (Ashton et al., 2024). Next generation mass

spectrometry based technologies (Blume et al., 2020; Guzman

et al., 2024) could be used to detect proteins with post-translation

modifications, protein isoforms and other proteins not included in tar-

geted assays (Duff et al., 2024).

9 | CONCLUSIONS

The UK Biobank is one of the more widely used biomedical research

resources globally. The combination of genetic, proteomic and other

assay data with health outcomes, on a scale unmatched by any

other study, is unprecedented. Because of the easy accessibility of UK

Biobank data, it has been used extensively to advance health research.

As the cohort ages, more incident diseases occur, and further assays

are conducted on the biological samples, the more valuable the UK

Biobank resource will become for all types of health-related research

including for drug target identification, characterisation and prioritisa-

tion, as well as precision medicine.

9.1 | Nomenclature of Targets and Ligands

Key protein targets and ligands in this article are hyperlinked to corre-

sponding entries in https://www.guidetopharmacology.org and are

permanently archived in the Concise Guide to PHARMACOLOGY

2023/24 (Alexander et al., 2023).
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