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Abstract
Background: Multimorbidity, also known as multiple long-term conditions, is a major public health concern. Internalising and Car-

dioMetabolic MultiMorbidity (ICM-MM) is a common form of mental-physical health multimorbidity, yet its genetic predisposition is largely

unknown. We examined the polygenic nature of ICM-MM by assessing single trait-specific polygenic risk scores (PRSTRAIT) and whether 
combining them could increase the proportion of variance in liability to ICM-MM explained by genetic variation.

Methods: We developed PRSTRAIT using PRS-CS and summary statistics from the largest trait-specific GWAS excluding UK Biobank (UKB). 
We evaluated PRSTRAIT on ICM-MM risk in 206 452 UKB participants (n = 39 311 (19.0%) with ICM-MM) using logistic regression adjusted for 
gender and 10 genetic principal components, defining ICM-MM as lifetime occurrence of: ≥1 internalising (depression, anxiety, somatoform 
disorder) traits AND ≥ 1 cardiometabolic traits (type 2 diabetes, obesity, hypertension, dyslipidemia, chronic kidney disease). We used elastic 
net regression in a 50% training sample to generate ICM-MM-PRSTRAIT: a weighted combination of PRSTRAIT targeting ICM-MM.

Results: The strongest associations were between ICM-MM and PRSTRAIT for depression and type 2 diabetes—both odds ratios (OR) 1.18,

[95% confidence interval (CI) 1.17–1.20] per standard deviation increase in PRSTRAIT. ICM-MM-PRSTRAIT retained five PRSTRAIT, with stronger

associations (OR = 1.31, [95%CI 1.29–1.34]) than any PRSTRAIT in the testing sample.

Discussion: Combining several PRS explains more variance in ICM-MM liability than single-trait PRSs alone. ICM-MM-PRSTRAIT is a measure

of genetic risk that could be used to examine premorbid stages of ICM-MM in external and youth cohorts, supporting awareness of earlier

presentation and potentially avoidance or intervention.
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Introduction

Multimorbidity—sometimes referred to as multiple long-term

conditions—the co-occurrence [1, 2] or lifetime occurrence [3]  of

two or more long-term health conditions, is a major public health

concern, affecting over a third of the global population in mid-life

[4, 5]. Multimorbidity prevalence is rising, [6, 7] leading to increased

personal, [8, 9] societal, and healthcare costs [10, 11].

Many operationalisations of multimorbidity have been used in

existing research [2, 10]. Here, we use a collaborative-specific opera-

tionalisation: The lifetime co-occurrence of internalising (depression,

anxiety) and cardiometabolic conditions (hypertension, obesity, type

2 d iabetes). This is a common form of mental and physical healthy

multimorbidity, [12–15] and the interaction between mental health

conditions and physical multimorbidity increases unplanned [16] and
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emergency department [17] hospital admissions, accounting for a 
substantive proportion of total secondary care costs in England [18]. 

Evidence for intervention and management of multimorbidity is

growing [19, 20] but little is known about prevention or early life

manifestations of multimorbidity [21]. Preventing or delaying onset 
of multimorbidity would have major benefits for affected individuals,

as well as for health care provision and costs [22]. Genetic varia-

tion has been implicated in the development of internalising and 
cardiometabolic disorders, including rare and common factors [23– 
31]. These common, complex disorders have a polygenic architecture 
and an individual’s susceptibility to disease can partly be captured 
by polygenic risk scores. Polygenic risk scores (PRSs) aggregate the 
effect sizes of multiple single nucleotide polymorphisms (SNPs) from

trait-relevant genome wide association study (GWAS) data, to create

an individual-level measure of genetic risk for the trait [32]. Polygenic 
risk scores can be used to identify subgroups with increased risk of 
disease and predict case status in both case–control and population-

based cohort studies [33]. 
Recent studies have shown that clinical manifestations of polygenic 

risk emerge early in life, for example, significant gr adients of poly-

genic risk emerged in early childhood for obesity and cardiometabolic

traits [34, 35]. Understanding how genetic risk of ICM-MM manifests in 
early life could support the development of tailored early intervention 
and prevention strategies to delay or prevent multimorbidity in later

life, but the evidence on polygenic risk scores to support this under-

taking are lacking.

The aims of this study were to generate a polygenic risk score for 
ICM-MM by i) evaluating associations between single trait-specific 
PRSs and lifetime ICM-MM risk, and ii) examining whether a combi-

nation of existing scores could increase the proportion of variance in

liability to lifetime ICM-MM explained by genetic variation.

Results 
Participants 

Figure 1 shows the number of participants at each stage of the 
analysis. We included data from 206 452 eligible UKB participants 
(n = 111 953 [54.2%] female, mean age of recruitment 66.3 [sd = 8.0]

years) with primary care electronic healthcare record data and

genotype data passing QC. Table 1 shows the characteristics or 
participants included in the study. For condition specific prevalences

and comparisons to the wider UKB cohort, please see Supplemen-

tal Table 1. For counts of condition combinations in participants with

ICM-MM, please see Supplemental Fig. 1.

Identifying trait specific PRSs

Our searches identified no eligible pre-existing PRS for ICM-MM con-

ditions. Characteristics of eligible GWAS for depression, [31] anxiety, 
[36]  T2D, [37]  CKD, [38] BMI, [39] LDL-Cholesterol, [40]  (used  here  as  
a proxy for dyslipidaemia) and diastolic/systolic/pulse pressure [41] 
(used here as a proxy for hypertension) are in Supplemental Table 2. 
We could not identify any eligible G WAS for somatoform disorders.

Associations between trait-specific PRS and ICM-MM

Table 2 shows odds ratios (OR) for each PRSTRAIT ICM-MM. The 
strongest associations with ICM-MM were for PRSs for type 2 

Figure 1 Flowchart of participants at each stage of analysis. 

Table 1 Characteristics of participants included in the study .
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Participants meeting 
inclusion criteria 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

(n = 206 452) 
Gender 
Female 111 953 (54.2%) 
Male 94 499 (45.8%) 
Year of Birth 
Median [Q1,Q3] 1950 [1950,1960] 
Townsend deprivation scor e 
Median [Q1,Q3] −2.16 [−3.65,0.460] 
Missing 313 (0.2%) 
Ethnicity 
Asian or Asian British 4189 (2.0%) 
Black or Black British 2181 (1.1%) 
Chinese 550 (0.3%) 
Do not know 79 (0.0%) 
Mixed 1057 (0.5%) 
Other ethnic group 1550 (0.8%) 
Prefer not to answer 613 (0.3%) 
White 196 077 (95.0%) 
Missing 156 (0.1%) 
Any internalising 
Prevalence 64 246 (31.1%) 
Age onset (Median [Q1,Q3]) 49.0 [40.0,58.0] 
Any car diometabolic
Prevalence 113 297 (54.9%) 
Age onset (Median [Q1,Q3]) 58.0 [51.0,64.0] 
ICM-MM 
Prevalence 39 311 (19.0%) 
Age onset (Median [Q1,Q3]) 59.0 [52.0,66.0]
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
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Table 2 The association between LINC ICM-MM trait-specific PRSs and ICM-MM.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
Original PRSTRAIT target GWAS AUC-PRSTRAIT (95%CI) Nagelkerke R 2 OR-PRSTRAIT (95%CI) P value 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Depression 0.56 (0.56–0.56) 0.011 1.18 (1.17–1.20) 3.56x10−153 

T2D 0.56 (0.55–0.56) 0.010 1.18 (1.17–1.20) 2.18x10−117 

BMI 0.55 (0.55–0.56) 0.009 1.13 (1.11–1.14) 4.47x10−76 

Systolic BP 0.55 (0.55–0.56) 0.009 1.14 (1.12–1.16) 3.38x10−73 

Diastolic BP 0.55 (0.55–0.56) 0.009 1.14 (1.13–1.16) 2.41x10−75 

Pulse pressure 0.55 (0.55–0.56) 0.009 1.14 (1.13–1.16) 8.78x10−75 

LDL-C 0.55 (0.54–0.55) 0.007 1.06 (1.05–1.07) 7.44x10−25 

Anxiety 0.55 (0.55–0.55) 0.007 1.11 (1.09–1.13) 1.05x10−39 

CKD 0.54 (0.54–0.55) 0.006 1.02 (1.01–1.04) 0.001 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
Odds ratios (OR) and AUC for each PRSTRAIT from logistic regression adjusted for self-reported gender and 10 genetic PCs in 206 452 UKB participants. Nagelkerke R2 for 
model fit, P value for PRS coefficient. PRS (polygenic risk score), AUC (area under the curve), CI (confidence interval), OR (odds ratio), T2D (type 2 diabetes), BMI (body mass 
index), BP (blood pressure), LDL-C (low density lipoprotein-C), CKD (chronic kidney disease)

diabetes (OR = 1.18, 95%CI:1.17–1.20) and major depression (OR = 1.18,

95%CI:1.17–1.20).

Supplemental Fig. 2 has metrics for the internalising and car-

diometabolic conditions. Overall, the strongest associations were 
in the cardiometabolic cluster of conditions (e.g. ORs all > 1.3 for 
PRSsTRAIT for blood pressure measures vs cardiometabolic conditions) 
and strong associations in the cardiometabolic cluster of conditions

attenuated in the ICM-MM models (e.g. association of PRSTRAIT for T2D

with cardiometabolic conditions was stronger than for the association

PRSTRAIT for T2D with ICM-MM).

Associations between ICM-MM specific PRS and
ICM-MM

In the testing dataset (n = 103 226), the OR for ICM-MM-PRSTRAIT was 
1.31 (95%CI:1.29–1.34) and the AUC was 0.57 (95%CI 0.57–0.58)— 
higher than the strongest PRSTRAIT—ICM-MM association, which 
was for major depression OR = 1.19 (95%CI:1.16–1.21), AUC = 0.56

(95%CI:0.55–0.56). Details of the five retained PRSTRAIT, and optimized

weights are shown in Supplemental Fig. 3. The ICM-MM-PRSTRAIT 
model had a significantly higher AUC than the model adjusted for 
major depression (DeLong’s test p-value < 2.2e-16), and both scores 
improved predicted performance versus the null model (adjusted for

gender and 10 genetic PCs only, AUC = 0.53, 95%CI = 0.53–0.54).

Supplemental analyses 

Genomics PLC ‘enhanced’ polygenic risk scores (PGSGPLC)  were  
available for n = 45 493 UKB participants with primary care data.

Correlations between PGSTRAIT and PGSGPLC are shown in Supple-

mental Fig. 4—The highest correlation for PGSTRAIT and PGSGPLC was

for LDL-cholesterol (r = 0.55).

PGSGPLC for hypertension (OR = 1.25 95%CI:1.22–1.28) and ischaemic 
stroke (OR = 1.25, 95%CI:1.22–1.28) were most strongly associated with 
ICM-MM, and had the largest AUC (0.58, 95%CI: 0.57–0.59, and 0.58,

95%CI:0.57–0.58, respectively). For ORs and AUC for all PGSGPLC please

see Supplemental Figs. 5 and 6. 
Elastic net regression retained 13 of 51 PGSGPLC. Details of the 

retained PRS, and optimized weights for the linear combination

in the n = 22 747 testing set are shown in Supplemental Fig. 7.  OR  
for ICM-MM-PGSGPLC was 1.32 (95%CI:1.28–1.37) and AUC was 0.59 
(95%CI 0.58–0.60). The best performing single PGSGPLC in the testing 
set (n = 22 747) was for ischaemic stroke (OR = 1.24, 95%CI: 1.20–1.28, 
A UC = 0.57, 95%CI:0.56–0.58). Both scores showed improved predicted

performance versus the null model (adjusted for gender and 10

genetic PCs only, AUC = 0.54, 95%CI = 0.53–0.55).

In this subset of data, Elastic net regression retained four of seven

PRSTRAIT (Supplemental Fig. 8) and OR for ICM-MM-PRSTRAIT in this 
subset was 1.27 (95%CI:1.21–1.34) and AUC was 0.56 (95%CI:0.55– 
0.57). DeLong’s test demonstrated that the models adjusted for ICM-

MM-PRSGPLC and PRSGPLC for ischaemic stroke had significantly

higher AUC than for ICM-MM-PRSTRAIT (P = 8.137e-09 and P = 0.027

respectively).

Discussion 
In this study, we created a novel PRS for ICM-MM, a common form of 
physical-mental health multimorbidity. Our work demonstrates that 
combining multiple existing PRSs yields stronger associations with 
lifetime ICM-MM risk than single trait-specific PRSs. Multimorbidity is 
a global public health concern but work on early-life manifestations of

multimorbidity that could support identification and prevention are

lacking. We will now use the novel ICM-MM-PRS in younger adult

and youth cohorts [42] to understand how genetic risk of ICM-MM 
manifests itself in mid-and-early life: improving our understanding 
of condition ordering and the aetiology of this multimorbidity cluster, 
potentially identifying precursor signals (such as early-life trajectories

of mental health or biomarkers related to cardiometabolic conditions),

and highlighting early intervention targets.

The literature on multimorbidity is expanding rapidly, but there 
is a high degree of heterogeneity in phenotypes under study. This 
is due, in part, to the canonical definition of ‘two or more long-

term conditions’, and study specific decisions about which long-term

conditions to include [1, 2]. Many pairs of common chronic conditions 
demonstrate evidence of shared genetic risk [43], but our ICM-MM 
phenotype and findings are most similar to those of Baltramonaityte

et al [44], who developed a PRS for a multimorbidity phenotype 
comprising coronary artery disease, T2D and depression. This PRS 
had a higher OR (1.91, 95%CI = 1.74–2.10) than ICM-MM-PGSs for a

similar, but more restricted (n = 3 conditions) phenotype, and in a

model that was additionally adjusted for age. Zhao et al. [45], also 
created a PRS for cardiometabolic multimorbidity (two or more of T2D, 
coronary heart disease and stroke) in UKB with an AUC of 0.62. This 
was higher than the AUC we found for the ICM-MM-PRSs on ICM-MM,

but for a restricted phenotype (n = 3 conditions) with no internalising

conditions and included age as a component of the model. Other

studies that have developed PRS for multimorbidity phenotypes, did
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not report any comparable metrics (in the case of Gezsi et al [46]), or 
furthermore explicitly excluded some of the common cardiometabolic 
conditions we included in our ICM-MM definition (in the case of Zhang

et al [47]). 
Taken together with our findings, the available evidence suggests 

there is some utility to the use of polygenic risk scores as tools 
to explore how multimorbidity manifests itself throughout the 
lifecourse: across a range statistical metrics and similar definitions 
of multimorbidity, associations between PRSs and multimorbidity 
phenotypes are modest but persistent. The upper bound of the

prediction accuracy of ICM-MM by PRS s likely to be driven by (SNP)

heritability and frequency (as for individual traits), rather than the

choice of method used to derive or combine the PRSs.

We highlight that caution is required around communication of the 
utility of polygenic risk scores: PRSs alone are not yet suitable for indi-

vidual risk prediction or population risk stratification in public health,

or clinical settings [48], and much of the risk of disease is determined 
by factors not captured by the genome [49]. Recent reviews [50, 51] 
have highlighted the importance of ‘place’ based factors including 
area-level deprivation and air quality as risk factors for a range of 
multimorbidity phenotypes, and there is emerging evidence of the

role of early-life environmental exposures (including parental and

family environment, and education) in the development of midlife

hypertension-obesity multimorbidity [52]. Further work is required 
to elucidate the potential for gene x environmental interactions to

influence downstream multimorbidity risk.

Limitations 
We used data from UK Biobank because it is a population-based 
dataset with known higher prevalence of ICM-MM conditions, and 
rich phenotyping and genetic data. However UKB is subject to vol-

unteer bias, low response rate, and is not representative of the UK

population, especially with respect to age, socioeconomic status, or

ancestry [53, 54]—all factors associated with multimorbidity risk, lim-

iting the generalisability of our findings. UKB also contributed to many 
recent meta-GWAS that would have been ideal sources of summary 
statistics to construct PRSTRAIT. Some but not all studies made available 
‘leave out’ summary statistics, excluding UKB, meaning most of the 
input PRSTRAIT are based on older studies with fewer participants (i.e. 
weaker instruments). To test the potential of stronger ‘on trait,’ as well 
as ‘cross trait’ input PRSs, we also carried out a supplemental analysis

using 51 PRS created by Genomics PLC: PRSGPLC. We found that

ICM-MM-PRSGPLC had a stronger association with ICM-MM (OR = 1.32,

95%CI:1.28–1.37, AUC = 0.59, 95%CI 0.58–0.60) than single PRSGPLC

for ischaemic stroke (the strongest predictor in this testing subset,

AUC 0.57, 95%CI 0.56–.58) and ICM-MM-PRSTRAIT (p for difference

P = 8.13x10−09). One of the key limitations of PRSGPLC in our analysis is 
the lack of PRSs for internalising traits, depression in particular—one 
of the PRSs most strongly associated with ICM-MM in our PRSTRAIT 
analysis. We k ept PRSTRAIT and PRSGPLC analyses separate because

PRSGPLC are only available ‘pre calculated’ in selected datasets and the

exact methods required to recreate them are the intellectual property

of Genomics PLC.

We used a ‘lifetime occurrence’ based approach to operationalising 
multimorbidity. This approach facilitates mechanistic understandings

of disease co-occurrence over the whole life course [3], and was 
also a pragmatic solution to the problem of defining co-occurrence 
with episodic chronic conditions (such as depression and anxiety) 

where ‘recovery’ is not well captured in electronic health records.

This life-course based definition means some of the prevalence esti-

mates we report are higher than other studies using a ‘co-occurrence’

definition.

By including obesity in the cardiometabolic cluster of conditions 
we recognise its status as a complex, chronic disease [55]. However, 
this means we were unable to examine its well-established role as a 
risk factor for many non-communicable disease, nor were we able to

explore the mediating effects of BMI on causal relationships between

disease pairings, such as in depression and T2D [56]. 
Somatoform disorders were included in our ICM-MM definition due

to high genetic [57], diagnostic [58, 59], and symptomatic overlap with 
depression and anxiety. Our searches did not identify suitable GWAS 
for the somatoform disorders phenotype that is part of the ICM-MM

definition. However, given the strong genetic correlations between

somatic disorders and depression and anxiety in particular [57], it 
is likely that any potential somatoform PRSTRAIT would likely not be 
retained in the elastic net regression, as was the case for PRSTRAIT for

anxiety.

The conditions that make up the ICM-MM definition are diag-

nosed and managed primarily in primary care settings in the UK. 
We restricted our cohort to individuals with available link ed primary

care data (supplemented with Hospital Episode Statistics data), which

reduced our sample size, but enhanced cross-cohort reproducibility

and the quality of phenotype ascertainment [60]. The limitations of 
routinely collected electronic healthcare records are well reported

(see Farmer et al for an example) [61] and our use of EHR data 
may have led to incomplete capture of some ICM-MM conditions. 
Existing comparisons between UKB EHR data and data from the 
Secure Anonymised Information Linkage (SAIL) databank (a nation-

ally representative sample of primary care data in Wales) suggest that

mental health conditions may be underrepresented in UKB [62]. Our 
use of primary care data broadly retained the characteristics of the 
UKB sample. However, there was a reduction in the proportion of

participants who identified as Black or Black British ethnicity in the

sample (Supplemental Table 1). 
PRSmix uses a training/test split to minimise data leakage. How-

ever, because the genetic PCs we used to correct for stratification

in the model were calculated for the whole cohort simultaneously

[63], there is the potential for some data leakage as information from 
the PCs is shared across the training and test datasets. The Elastic 
Net regression implemented in PRSmix results in a weighted linear 
combination of PRS. Since multimorbidity requires a combination of

two or more traits to be present, it is possible that modelling non-

linear combinations of PRS might improve prediction of MM. Future

work could explore other approaches to combining multiple single

trait PRSs [64, 65] or use of machine learning methods to produce 
non-linear combinations of input PRSs, as well as exploring specific

pairwise combinations of ICM-MM conditions.

Conclusion 
Combining multiple polygenic risk scores improves the proportion of 
variance in liability to ICM-MM explained by genetic variation over 
single trait specific scores. We have generated a novel polygenic risk 
score for ICM-MM that can be used to explore manifestations of ICM-

MM in individuals at higher genetic risk in external and early-life

cohorts. Future work should investigate early-life manifestations of

high genetic risk of ICM-MM, as well as environmental risk factors

https://academic.oup.com/hmg/article-lookup/doi/10.1093/hmg/ddag012#supplementary-data
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and gene x environment interactions to potentially improve early life

recognition and interventions for ICM-MM.

Materials and methods

This work was conducted as part of the Lifespan Multimorbidity

Research Collaborative (LINC) [42], which studies development of 
internalising and cardiometabolic multimorbidity (ICM-MM) across 
the lifespan in five longitudinal population-based cohorts with

genetic data.

Patient and public involvement

Members of the public with lived experiences of multiple long-term 
conditions have been involved throughout the course of the LINC 
study. For this study they assisted primary and secondary care doctors, 
and other members of the research team to select the conditions that

make up the ICM-MM phenotype (see below ‘phenotype definition’)

and informed the research questions and aims.

Ethics 

UK Biobank has approval from the North W est Multi-centre Research

Ethics Committee (reference 16/NW/0274) as a Research Tissue Bank. 
Participants provided electronic signed consent at recruitment.

Data sour ce

UK Biobank (UKB) is a cohort comprising over 500 000 people living 
in the United Kingdom. Participants aged 40 to 69 years old were 
recruited between 2006 and 2010. Participants attended a baseline

assessment and were also invited to attend repeat assessments over

the following ten years. Our study was conducted under application

number 79704.

Participants 

Participant recruitment processes and eligibility criteria for UKB are 
described in detail in Bycroft et al., 2018 [63]. We restricted our analy-

sis to the subset of individuals with primary care electronic healthcare 
record (EHR) data (∼230 000, or 45% of the UKB cohort) [66]. 

Phenotype definition 

LINC [42] investigates a study-specific form of multimorbidity: inter-

nalizing and cardiometabolic multimorbidity (ICM-MM), defined as 
the lifetime occurrence of at least one internalising condition (anxiety, 
depression, somatoform disorder) AND at least one cardiometabolic 
condition (chronic kidney disease, dyslipidemia, hypertension, obe-

sity, type 2 diabetes). The ICM-MM phenotype was developed by 
primary and secondary care clinicians in partnership with members

of the public with lived experiences of long term physical and men-

tal health conditions. The cardiometabolic conditions were selected

because they occur relatively early on the pathways to cardiovascular

disease with divergence in risk starting early in life [67–69], rendering 
them suitable for study across the lifespan.

In this study, we used UKB electronic health record data (pri-

mary care and NHS Digital Hospital Episode Statistics[HES]) to iden-

tify participants with ICM-MM using existing Read code (primary

care) and ICD-10 (secondary care—HES) codelist resources [70, 71] 

(See supplemental codelist information and data files). The presence 
of any one (or more) code(s) was taken as a diagnosis of the condition.

PRS construction 
Constructing trait specific PRSs

Figure 2 summarises the methods to identify the polygenic risk scores 
and test their associations with ICM-MM. We searched existing lit-

erature and the PGS catalogue [72, 73] to identify PRS for the eight 
ICM-MM traits: ‘PRSTRAIT.’ To avoid overfitting in our UKB analysis, we

restricted our searches to PRS constructed using non-UKB data.

If we could not find an existing PRS for ICM-MM conditions meet-

ing these criteria, we searched for GWAS summary statistics from 
non-UKB studies, or meta-GWAS where authors reported or made 
available summary statistics excluding UKB. If our searches identified

multiple eligible PRS or GWAS for an ICM-MM condition, we selected

the one with the largest number of participants. Once appropriate

GWAS summary statistics had been obtained, we used PRS-CS [74] 
and the European ancestry 1000-genomes external linkage disequi-

librium (LD) reference panel to calculate PRS. PRS-CS uses a Bayesian 
algorithm to infer posterior SNP effect sizes via continuous shrinkage

(CS), avoiding the reduction in effective sample size for downstream

analysis that arises from linkage disequilibrium pruning and p-value

thresholding methods [74]. We used PLINK 2.0 [75, 76] to calculate per-

individual PRSTRAIT using the inferred posterior SNP effect sizes and

the UKB genotype/array data.

UKB imputed genotype quality control
Imputed genotype array data were used for PRS construction— 
genotypes were imputed using the Haplotype Reference Consortium 
(HRC) and UK10K haplotype resource. The imputed genotypes are 
aligned to the + strand of the reference and the positions are in

GRCh37 coordinates. Further details of the imputation and standard

quality-control performed on UKB’s genotype data are available in

Bycroft et al, 2018 [63]. We further removed variants with a low INFO 
score (<0.9), high missingness (>0.05), low minor allele frequency 
(<0.01) or variants departing from Hardy–Weinberg equilibrium 
(P < 10–6), and individuals with high missingness (>0.05) or sex

discordance using PLINK 2.0. Sex chromosomes were excluded.

We used Kinship-based INference for GWAS (KING) [77] to identify 
individuals related to the second-degree(r2 > 0.0884), and removed 
one individual from each related pair at random. After quality control,

449 646 individuals and 6 899 626 variants were retained.

Constructing an ICM-MM specific PRS
We used elastic net regression, implemented in PRSmix [78] to produce 
a linear, weighted combination of ICM-MM trait-specific PRSTRAIT 
(ICM-MM-PRSTRAIT) that best predicted ICM-MM. PRSmix methods are

described in detail in Truong et al., 2024 [78]. Briefly, PRSmix employs 
elastic net regression on a random subset of training data (specified 
here as 50%) to identify the optimal, weighted linear combination 
of input PRSs for predicting the presence of the target trait. The 
input model was additionally adjusted for self-reported gender and 10 
genetic principal components (available from UKB data field 22 009).

PRSmix produces information on predictive performance (odds ratios

[OR] and area under the curve [AUC]) for the new, weighted com-

bination of PRS in the remaining 50% testing set, compared to i)

the ‘null’ input model (adjusted for gender, and 10 genetic principal
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Figure 2 Methods flowchart for generating and testing the PRSs. GWAS(genome wide association study), BMI (body mass index, a proxy for obesity), 
T2D (type 2 diabetes), LCL-C (LDL-cholesterol, a proxy for dyslipidaemia), CKD (chronic kidney disease), PRS (polygenic risk score), ICM-MM (internalising 
and Car dioMetabolic MultiMorbidity).

components only), and ii) the best performing single PRS. All PRSs were

standardised (z-transformation) before running PRSmix.

Statistical analysis 

We used logistic regression to examine the association between each 
PRSTRAIT, lifetime internalising or cardiometabolic traits and ICM-MM. 
All models were adjusted for self-reported gender and 10 genetic prin-

cipal components to account for population stratification and ancestry 
(available from UKB data field 22 009). We also report area under the

curve (AUC) from receiver operating characteristic curves for these

logistic models to provide estimates of discrimination between cases

and controls. We corrected these analyses for multiple testing via

Bonferroni correction. All analyses were performed using R Statistical

Software [79] on the UKB Research Access Platform. For ROC analyses

we used the pROC package [80]. 

Supplemental analysis 

Given the genetic correlation between the conditions used by LINC 
to define ICM-MM (see above ‘phenotype definition’) and other car-

diometabolic conditions such as cardiovascular disease and ischaemic 
stroke; and to further test the potential to combine existing polygenic 

risk scores to predict ICM-MM, we carried out a supplemental analysis 
using polygenic risk scores calculated by Genomics PLC (PRSGPLC)— 
available under category 300 in the UKB data showcase. SNP weights 
are not publicly available, nor is It possible to identify the specific

GWAS used to derive each PRS, but the ‘enhanced’ PRSGPLC have

been calculated directly for a subset of participants UKB and in select

additional external cohorts. PRSGPLC have been constructed for a range

of traits, including many of the ICM-MM cardiometabolic traits, but not

for any of the internalising ICM-MM traits (see Thompson et al [81]  for  
further details).

More detailed methods for how the Genomics PLC PRSs were 
derived may be found in Thompson et al, 2022 [82], and Thompson 
et al., 2024 [81]. Briefly: Genomics PLC used existing GWAS and 
proprietary methods to generate two sets of PRSs for a range of binary 
and quantitative traits in UKB. The ‘standard’ PRS set was generated 
for 39 binary and quantitative and binary traits for all 500 K UKB 
participants. The ‘standard’ set uses per-trait meta-analysis GWAS 
from studies excluding UKB (i.e. trained externally). An ‘enhanced’

set of PRSs was also generated for a mixed-ancestry UKB subgroup

comprising n = ∼ 120 k participants, using scores from the original

per-trait meta GWAS (used to develop the ‘standard’ scores), meta

analysed with GWAS from the ‘white British unrelated’ subset of UKB
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(n = ∼ 337 k) for 51 binary and quantitative traits (i.e. external training 
data + UKB subset training data). Genomics PLC have calculated PRSs 
for participants in external cohorts using the weights derived from 
the ‘enhanced’ set. If the external cohort contributed information

to the ‘standard’ score meta-GWAS, Genomics-PLC re-ran their PRS

generation pipeline, excluding the cohort from the meta-GWAS.

We calculated the correlations between each individual PRSTRAIT 
and ‘enhanced’ PRSGPLC to assess how similar these were for shared 
target traits, as well as to explore correlations across different traits. 
We then repeated the logistic regression, ROC, and PRSmix analyses 
outlined previously using PRSGPLC to create ICM-MM-PRSGPLC. We

also repeated the PRSMix analysis with PRSTRAIT as inputs using the

same training and testing subset used to create ICM-MM-PRSGPLC, and

compared the AUC for ICM-MM-PRSTRAIT and ICM-MM-PRSGPLC using

DeLong’s test [83]. All models were adjusted for gender and 10 genetic

principal components.
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