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Multimorbidity clusters and their 
associations with health-related quality of life 
in two UK cohorts
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Jim Lewsey5, Barbara I. Nicholl1, David A. McAllister5, Susan M. Smith7, Rachael Evans8, Zahira Ahmed8, 
Sarah Dean9, Colin Greaves10, Shaun Barber11, Patrick Doherty12, Nikki Gardiner13, Tracy Ibbotson1, 
Kate Jolly14, Paula Ormandy15, Sharon A. Simpson6, Rod S. Taylor6,16, Sally J. Singh7, Frances S. Mair1† and 
Bhautesh D. Jani1*†   on behalf of the PERFORM research team 

Abstract 

Background Identifying clusters of multiple long-term conditions (MLTCs), also known as multimorbidity, and their 
associated burden may facilitate the development of effective and cost-effective targeted healthcare strategies. This 
study aimed to identify clusters of MLTCs and their associations with long-term health-related quality of life (HRQoL) 
in two UK population-based cohorts.

Methods Age-stratified clusters of MLTCs were identified at baseline in UK Biobank (n = 502,363, 54.6% female) 
and UKHLS (n = 49,186, 54.8% female) using latent class analysis (LCA). LCA was applied to people who self-
reported ≥ 2 LTCs (from n = 43 LTCs [UK Biobank], n = 13 LTCs [UKHLS]) at baseline, across four age-strata: 18–36, 37–54, 
55–73, and 74 + years. Associations between MLTC clusters and HRQoL were investigated using tobit regression 
and compared to associations between MLTC counts and HRQoL. For HRQoL, we extracted EQ-5D index data from UK 
Biobank. In UKHLS, SF-12 data were extracted and mapped to EQ-5D index scores using a standard preference-based 
algorithm. HRQoL data were collected at median 5 (UKHLS) and 10 (UK Biobank) years follow-up. Analyses were 
adjusted for available sociodemographic and lifestyle covariates.

Results LCA identified 9 MLTC clusters in UK Biobank and 15 MLTC clusters in UKHLS. Clusters centred around pul-
monary and cardiometabolic LTCs were common across all age groups. Hypertension was prominent across clusters 
in all ages, while depression featured in younger groups and painful conditions/arthritis were common in clusters 
from middle-age onwards. MLTC clusters showed different associations with HRQoL. In UK Biobank, clusters with high 
prevalence of painful conditions were consistently associated with the largest deficits in HRQoL. In UKHLS, clusters 
of cardiometabolic disease had the lowest HRQoL. Notably, negative associations between MLTC clusters containing 
painful conditions and HRQoL remained significant even after adjusting for number of LTCs.
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Conclusions While higher LTC counts remain important, we have shown that MLTC cluster types also have an impact 
on HRQoL. Health service delivery planning and future intervention design and risk assessment of people with MLTCs 
should consider both LTC counts and MLTC clusters to better meet the needs of specific populations.

Keywords Multimorbidity, Quality of life, Latent class analysis, UK Biobank

Background
People living with multiple long-term conditions 

(MLTCs; or ‘multimorbidity’), typically defined as the 

co-existence of 2 or more chronic conditions, is an 

area of major international public health concern [1, 2]. 

Improved survival of people living with LTCs, coupled 

with increasing life expectancies and generational shifts 

in lifestyle behaviours, such as diets and physical activ-

ity, have facilitated the accumulation of MLTCs in pop-

ulations worldwide. In the UK, approximately 20–40% 

of adults live with MLTCs, rising to over half of people 

aged > 65  years, depending on the definition applied 

[3–7]. In addition, people living in socio-economically 

deprived populations experience the onset of MLTCs up 

to two decades earlier than those from the least deprived 

areas [5, 6]. Despite the burgeoning clinical and eco-

nomic burden of MLTCs [8, 9], healthcare services are 

almost universally designed around the treatment of sin-

gle conditions and are, therefore, inadequate to meet the 

more complex needs of people living with MLTCs. Con-

sequently, people with MLTCs experience fragmented 

healthcare, high treatment burden, increased health-

care utilisation, and higher risk of premature mortality 

[10–12].

The current paradigm of classifying MLTCs based on 

counts of co-existing conditions lacks granularity and 

fails to account for heterogeneity in morbidity profiles 

across diverse populations with MLTCs, and thus may 

have limited impact on policy and practice. Appeals have 

been made instead to identify clusters of MLTCs that 

commonly co-exist, to improve design of new health-

care strategies [1, 13]. There is mounting evidence that 

a higher number of co-existing LTCs are associated with 

poorer health outcomes, including increased mortality 

and unscheduled hospitalisations (particularly in those 

with ≥ 4 LTCs) [10, 14, 15]. However, there remains 

limited understanding of the role played by accumula-

tion of different types of LTCs in MLTC clusters that 

may drive adverse health outcomes through potentially 

shared mechanisms. Recently, investigators have adopted 

novel ways of clustering MLTCs, applying data-driven 

approaches such as latent class analysis (LCA) to popula-

tion and healthcare datasets [7, 16, 17]. There is a need, 

however, to validate the existence of MLTC clusters 

across populations, particularly as different clustering 

approaches have been found to identify divergent MLTC 

clusters even in the same dataset [17, 18]. Replicable 

MLTC clusters including cardiometabolic and mental 

health conditions have been consistently reported across 

studies [19] but validation of other clinically impor-

tant MLTC clusters is required to advance healthcare 

strategies.

Improving health-related quality of life (HRQoL) 

is a key target for interventions and clinical manage-

ment in people living with MLTCs [20, 21]. The nega-

tive association between MLTCs and HRQoL is widely 

recognised and a decrease of approximately − 4% 

(95%CI − 5.4%, − 2.4%) in HRQoL per additional LTC 

was reported in a meta-analysis of observational studies 

[22]. There is, however, very limited evidence of the asso-

ciation between MLTC clusters and long-term HRQoL. 

Elucidating the associations between MLTC clusters 

and HRQoL may improve understanding of underlying 

mechanisms, identify targets for future interventions and 

service developments, and inform intervention design to 

enhance the likelihood of improving HRQoL in specific 

subgroups of people with MLTCs. The aims of this study 

were, therefore, to identify clusters of MLTCs using LCA 

in two independent, population-based cohorts, and to 

investigate the associations between these MLTC clusters 

and long-term HRQoL and compare it with the associa-

tion between LTC counts and long-term HRQOL.

Methods
Data sources

UK Biobank is a population-based cohort study that 

recruited approximately half a million (n = 502,640) com-

munity participants (aged 37–73  years at baseline) in 

England, Scotland, and Wales (5% response rate). Eligi-

ble participants lived within 25 miles of a participating 

assessment centre and were registered with a general 

practitioner. Baseline assessments were conducted at the 

time of recruitment between 2006 and 2010, where par-

ticipants completed health questionnaires, interviews, 

and physical measures, and provided biological samples. 

After removing individuals who withdrew consent, our 

baseline analyses included 502,363 participants. A flow 

diagram representing participant inclusion at each stage 

of analysis for UK Biobank is available in Additional File 

1: Fig. S1.
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Understanding Society: the UK Household Longi-

tudinal Study (UKHLS) is a household panel study that 

annually surveys approximately 40,000 UK households, 

selected to be representative of the UK general popula-

tion (57.3% household response rate at baseline). Baseline 

surveys were conducted between 2009 and 2011. Sur-

veys were conducted by interviewers attending partici-

pants’ home addresses or by telephone and all members 

of participating households were surveyed. Our analyses 

included only participants aged ≥ 18  years at baseline 

assessment (n = 49,186). A flow diagram representing 

participant inclusion at each stage of analysis for UKHLS 

is available in Additional File 1: Fig. S2.

Assessment of multiple long‑term conditions, 

sociodemographic, and lifestyle information

Health status was self-reported at baseline in both 

cohorts using different methods. UK Biobank partici-

pants self-reported LTCs at baseline interviews, which 

were subsequently collated and coded into the database 

by trained research nurses. LTCs were only coded if 

self-reported and we assume non-reporting of LTCs to 

imply their absence. To our knowledge, all UK Biobank 

participants completed this phase of baseline inter-

views as UK Biobank do not imply any missing data 

for self-reported LTCs. Our assessment of MLTCs in 

UK Biobank included 43 LTCs, based on a consensus-

based list commonly applied in multimorbidity research 

[6]. Some included LTCs (e.g. painful conditions) are 

composite measures defined using several individually 

reported LTCs from UK Biobank baseline assessment, 

an approach widely adopted in previous research [10, 15, 

23, 24] (details available in Additional File 1: Table S1). In 

UKHLS, participants’ self-reported LTCs were limited to 

a pre-specified list of 17 conditions, captured in response 

to the question “Has a doctor or other health professional 

ever told you that you have any of these conditions?”. 

Again, we assume non-reporting of LTCs to imply their 

absence and this question had a total of 0.26% (n = 127) 

missing data. Missing data were included in the analy-

ses as having no self-reported LTCs. Where appropri-

ate, some LTCs were combined to map onto the longer 

list used in UK Biobank; therefore, assessment of MLTCs 

in UKHLS was calculated using 13 LTCs (Additional File 

1: Table S1). The within-cohort prevalence of individual 

LTCs is available in Additional File 1: Table S2. The num-

ber of LTCs reported by each participant was counted 

and those who reported 2 or more LTCs were classed as 

having multimorbidity (i.e. MLTCs) in subsequent analy-

ses. Those who reported zero or one LTC were classed as 

not having MLTCs (i.e. ‘no multimorbidity’) and formed 

the reference group.

We extracted data on age, sex, and ethnicity from base-

line questionnaires. Area level socioeconomic depriva-

tion was measured using Townsend scores in UK Biobank 

[25] and nation-specific (England, Scotland, Wales, 

Northern Ireland) index of Multiple Deprivation (IMD) 

scores in UKHLS, both of which were categorised into 

quintiles. Body mass index (BMI) (kg/m2) was derived 

from physical measurements in UK Biobank and from 

self-reported height and weight in UKHLS. Smoking sta-

tus was categorised as current, previous, or never in both 

datasets. Alcohol frequency (self-reported) was included 

as a categorical variable in both datasets and weekly 

alcohol intake (units) was also included as a continuous 

variable in UK Biobank. Physical activity (PA) for the pre-

vious 4 weeks was categorised as none (no PA), low (light 

DIY only), moderate (walking for pleasure, heavy DIY, 

or sporting activity), or high (strenuous sporting activ-

ity) in UK Biobank [26]. UKHLS did not collect data on 

PA levels. Instead, the number of days participants had 

walked at least 30 min across the previous 4 weeks was 

counted and used as a continuous measure of PA levels 

(range 0–28). In UKHLS, data on smoking, alcohol, and 

PA were extracted from 1-year follow-up surveys (‘Wave 

B’), as these data were not collected at baseline. Frailty 

phenotype was calculated at baseline in UK Biobank 

participants and categorised as robust, pre-frail or frail 

according to five input criteria (low physical activity, grip 

strength, weight loss, exhaustion, and walking pace) [27]. 

The proportion of UK Biobank participants who died 

prior to collection of HRQoL follow-up data (defined 

as 01 January 2019) were also calculated for each of the 

identified MLTC clusters and ‘no multimorbidity’ groups. 

Mortality data were not available for UKHLS.

Health‑related quality of life (outcome)

The primary outcome of interest was HRQoL, assessed 

using EQ-5D index scores. In UK Biobank, EQ-5D index 

scores were derived from the EuroQol 5-dimension 

5-level quality of life instrument (EQ-5D-5L), adminis-

tered as part of an online only follow-up approximately 

10  years after baseline assessments (n = 167,185). EQ-

5D-5L assesses HRQoL across five domains (self-care, 

mobility, usual activities, pain and discomfort, and anxi-

ety and depression) and each domain assessed across 

five levels of severity (no problems to extreme prob-

lems). Responses are transformed into a single score 

using country-specific value sets to generate the EQ-5D 

index—a weighted, preference-based value for HRQoL 

[28]. Reporting of no problems across the five domains 

generates the maximum EQ-5D index of 1, representing 

full health. An EQ-5D index of 0 represents health states 

equivalent to death, and negative values are health states 

considered worse than death. Following guidance from 
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the National Institute for Health and Care Excellence 

(NICE) [29], EQ-5D-5L responses were mapped onto the 

EQ-5D-3L UK value set using crosswalk functions for the 

derivation of EQ-5D scores [30]. In this UK value set, the 

lowest EQ-5D index score was − 0.594. EQ-5D-5L was 

not collected at baseline in UK Biobank; therefore, self-

rated health (excellent, good, fair, poor) was used as an 

alternative measure of self-reported heath status at base-

line in this cohort.

In UKHLS, HRQoL was assessed using the generic 

12-item short form health survey (SF-12) [31]. SF-12 

evaluates health across eight domains: physical func-

tion, limitations due to physical problems, pain, general 

health, vitality, social functioning, limitations due to 

emotional problems, and mental health. SF-12 data were 

subsequently mapped onto EQ-5D index scores using the 

methods of Gray et al. [32] prior to analyses. Our analyses 

used HRQoL data that was collected during the approxi-

mately 5 years follow-up visit from baseline (‘Wave F’ of 

UKHLS data collection) (n = 21,837).

Statistical analyses

Latent class analysis (LCA)

Firstly, we applied LCA to both datasets to identify clus-

ters of MLTCs. These analyses included only participants 

with two or more self-reported LTCs at baseline. In sum-

mary, LCA identifies unobserved subgroups (i.e. ‘latent 

classes’) within a population based on known indica-

tor variables. Here, the indicators were self-reported 

single-condition LTCs (UK Biobank n = 43, UKHLS 

n = 13). LTCs were treated as present if self-reported, 

or otherwise absent, meaning LCA models had no 

missing data. LCA was applied separately to four age 

categories to account for age-related differences in mor-

bidity across the adult lifespan: 18–36  years (UKHLS 

only), 37–54  years (both datasets), 55–73  years (both 

datasets), 74 + years (UKHLS only). In each age group/

dataset combination, we explored LCA models contain-

ing 1–10 latent classes. Optimal LCA model selection 

was based on several indices, including model parsimony 

(Bayesian Information Criterion [BIC] & sample size 

adjusted BIC), stability, classification (entropy), and clini-

cal interpretability of the identified classes [33, 34]. Indi-

viduals were assigned to the latent class for which they 

had the highest posterior probability of belonging. 

Classes were labelled according to within and between 

cluster probabilities/prevalence of LTCs. A detailed 

description of LCA methods and model class solutions is 

available elsewhere [12]. As MLTC is strongly associated 

with social determinants of health [35], we tested the 

influence of socioeconomic status (SES) on MLTC clus-

ters as a sensitivity analysis. LCA was repeated in each of 

the subgroups, across the two cohorts, with SES included 

as an additional indicator variable. The summary charac-

teristics of MLTC clusters derived with SES as an indi-

cator were then compared to those derived in the main 

LCA analysis (i.e. without SES).

Association between MLTCs and HRQoL

We then investigated associations between MLTCs and 

HRQoL index scores using tobit regression models with 

robust standard errors. Tobit regression assumes the 

existence of a continuous latent outcome and has been 

extensively applied to HRQoL research to account for 

the ceiling effect observed in indexes such as EQ-5D [36]. 

HRQoL data were collected at median 10 (IQR 9.3, 10.7) 

years follow-up in UK Biobank and 5 (IQR 4.5, 6.1) years 

follow-up in UKHLS. Firstly, we investigated the associa-

tions between MLTCs and HRQoL using LTC counts as a 

categorical predictor variable using the following classes: 

No multimorbidity (reference group), 2 LTCs, 3 LTCs, 

or ≥ 4 LTCs (Model 1). Next, using the LTC clusters iden-

tified during LCA, we assessed the relationship between 

clusters and HRQoL, again using the ‘no multimorbidity’ 

population as the reference group (Model 2). All models 

were adjusted for available sociodemographic covari-

ates, including age (as a continuous variable in years), 

sex, ethnicity, deprivation (Townsend [UK Biobank] or 

IMD [UKHLS] quintile), BMI, smoking, physical activ-

ity, alcohol frequency, alcohol weekly units (UK Biobank 

only), frailty phenotype (UK Biobank only), and base-

line HRQoL (self-rated health [UK Biobank] and EQ-5D 

index [UKHLS]). A final combined model including LTC 

counts (continuous) and MLTC clusters was conducted to 

investigate the relationship of HRQoL with cluster mem-

bership controlling for number of self-reported LTCs 

(Model 3). Non-linear associations between LTC count 

and EQ-5D index were formally assessed using fractional 

polynomials; however, no deviation from a linear rela-

tionship was observed, so LTC count was included only 

as a continuous covariate in these combined models. As a 

sensitivity analysis, we conducted the same models using 

ordinary least squares (OLS) regression, to compare the 

magnitude and direction of observed associations. All 

regression modelling was conducted in Stata 17 (Stata-

Corp. 2021. TX: StataCorp LLC.)

Ethical considerations

All participants of both studies provided written con-

sent prior to data collection. UK Biobank has ongo-

ing approval by the NHS National Research Ethics 

Service (16/NW/0274). These analyses were performed 

as part of UK Biobank project ID 14151. UKHLS data 

collection was approved by the University of Essex Ethics 
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Committee. UKHLS data [37] were distributed via the 

UK data service (Project ID: 221,571). This study was 

conducted as part of a National Institute for Health and 

Care Research (NIHR)-funded research programme 

grant (ID: NIHR202020).

Results
Study populations

Baseline data were available for 502,363 participants 

from UK Biobank and 49,186 participants from UKHLS 

(Table  1). Both cohorts comprised approximately 54% 

female participants and median age was higher in UK 

Biobank (58 vs 45 years). UK Biobank participants were 

more likely to be of white ethnicity (94% vs 77%) and to 

be from areas of low socioeconomic deprivation (42% vs 

17% in the least deprived quintile) compared to UKHLS 

participants. UKHLS participants were more likely to be 

from areas of greatest socioeconomic deprivation than 

the general population (23% of participants from most 

deprived quintile). The proportions of people living with 

MLTCs at baseline were 33% (n = 165,123) in UK Biobank 

(using n = 43 LTCs) and 18% (n = 8876) in UKHLS (using 

n = 13 LTCs). Self-rated health at baseline was ‘excellent’ 

or ‘good’ in 74% of UK Biobank participants. In UKHLS, 

at baseline, mapped median EQ-5D index was 0.848 (IQR 

0.727, 1) and approximately 40% of respondents scored 

the maximum index value of 1 (i.e. ‘full health’). The 

within-cohort prevalence of each included single condi-

tion LTC is available in Additional File 1: Table S2.

Detailed baseline cohort characteristics stratified by 

age and MLTC clusters (including ‘no multimorbidity’ 

groups for comparison) are available in Additional File 

1: Tables S3 – S8. Briefly, all MLTC clusters displayed 

lower HRQoL (either self-rated health [UK Biobank] or 

EQ-5D index [UKHLS]) compared to the age-matched 

no multimorbidity reference groups. MLTC clusters were 

also typically associated with higher BMI, lower physical 

activity, and higher proportion of smokers than the no 

multimorbidity groups (Additional File 1: Tables S3 – S8). 

A comparison of cohort characteristics for participants 

with and without follow-up HRQoL data in each cohort 

are available in Additional File 1: Tables S9—S10. In both 

cohorts, participants who were male, of non-white eth-

nicity, from areas of higher socioeconomic deprivation, 

had lower baseline self-rated health, and higher number 

of co-existing LTCs were less likely to have HRQoL fol-

low-up data.

MLTC clusters

Overview

In summary, the selected LCA models included 15 MLTC 

clusters across four age strata in UKHLS and nine MLTC 

clusters across two age strata in UK Biobank.

18–36 years

Three MLTC clusters were identified in this age group 

in UKHLS. Asthma and depression were the predomi-

nant LTCs in this age group, with asthma having 100% 

prevalence in two clusters (‘Pulmonary’ and ‘Depression 

& Asthma’ clusters) and depression having 100% preva-

lence in one (‘Depression & Asthma’) and 59% prevalence 

in another (‘Cardiometabolic’). Arthritis was also among 

the most prevalent LTCs in two of the three identified 

clusters. The cluster with 100% prevalence of co-existing 

Table 1 Summary baseline cohort characteristics in UK Biobank 
and UKHLS

a Using population distribution of Townsend scores (UK Biobank) and country-

specific IMD scores amalgamated into a single variable (UKHLS)

b Defined using self-reported LTCs from lists of n = 43 (UK Biobank) and n = 13 

(UKHLS)

c n = 45,774 (~ 6.9% missing)

UK Biobank
(n = 502,363)

UKHLS
(n = 49,186)

Age (years), median (IQR) 58 (50, 63) 45 (32, 60)

Age category, n (%)

 18–36 years 16,105 (32.7)

 37–54 years 194,109 (38.6) 16,726 (34)

 55–73 years 308,254 (61.4) 12,308 (25)

 74 + years 4047 (8.2)

Female sex, n (%) 273,299 (54.4) 28,857 (54.6)

White ethnicity, n (%) 472,569 (94.6) 37,950 (77.2)

Socioeconomic deprivation a, n (%)

Quintile 1 (Most deprived) 77,265 (15.4) 11,462 (23.3)

 2 77,851 (15.5) 10,283 (20.9)

 3 65,816 (13.1) 9659 (19.6)

 4 67,720 (13.5) 9057 (18.4)

 Quintile 5 (Least deprived) 213,088 (42.4) 8725 (17.7)

 Missing 623 (0.1) 0 (0)

Number of long-term conditions b, n (%)

 0 LTCs 173,072 (34.5) 27,291 (55.5)

 1 LTC 164,168 (32.7) 13,019 (26.5)

 2 LTCs 95,527 (19) 5189 (10.6)

 3 LTCs 43,320 (8.6) 2271 (4.6)

 ≥ 4 LTCs 26,276 (5.2) 1416 (2.9)

HRQoL

EQ-5D index c, median (IQR) 0.848 (0.727, 1)

Self-rated health, n (%)

 Excellent 81,832 (16.3)

 Good 288,946 (57.5)

 Fair 105,332 (21)

 Poor 22,768 (4.5)

 Missing 3485 (0.7)
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depression and asthma had the fewest people but the 

highest proportion of females (73.8%) and people from 

the most socioeconomically deprived areas (38.7%).

37–54 years

Five MLTC clusters were identified in each dataset for 

this age group, with some similarities (Table 2). A cluster 

centred around 100% prevalence of asthma was identified 

in both cohorts, but with accompanying high prevalence 

of COPD in UKHLS only. The ‘Pain + ’ (UK Biobank) and 

‘Arthritis + ’ (UKHLS) clusters were also comparable, 

including a similar proportion of the population for that 

age group (2.6% and 2.8%, respectively). Additionally, in 

both datasets, a single cluster with similar within cluster 

prevalence of thyroid disease and cancer was observed. 

Despite the similarities between datasets, hypertension 

was among the top three most prevalent LTCs in all clus-

ters in UKHLS, whereas it was only highly prevalent in 

the largest cluster in UK Biobank. The two clusters with 

highest hypertension prevalence in the respective cohorts 

also had the highest proportion of people from socioeco-

nomically deprived areas. Coronary heart disease was the 

leading LTC in a single cluster in UKHLS, which also had 

the highest median number of LTCs (3 vs 2 for all other 

clusters) and the lowest proportion of females.

55–73 years

Four MLTC clusters were identified in each cohort for 

this age group (Table  2). Painful conditions and arthri-

tis (used in the definition of ‘painful conditions’) were 

prominent across all clusters in UK Biobank and UKHLS, 

respectively, and hypertension featured in all but one 

cluster (‘Arthritis, depression and cancer’ [UKHLS]). One 

cluster of combined cardiovascular and metabolic dis-

eases was identified in each cohort, high within preva-

lence of similar LTCs (hypertension, pain/arthritis, CHD, 

diabetes, and stroke). This was the largest identified 

cluster in UK Biobank and was characterised by 100% 

prevalence of hypertension (labelled ‘Cardiometabolic’), 

whereas in UKHLS it was the smallest cluster and domi-

nated by CHD (82% prevalence) (labelled ‘Cardiovascu-

lar’). These clusters were again distinct for having the 

lowest proportion of female participants and highest pro-

portion of socioeconomic deprivation of all groups for 

that age. The largest cluster in UKHLS (‘Hypertension + ’) 

had the same three most prevalent conditions to the larg-

est cluster in UK Biobank (hypertension, pain/arthritis, 

diabetes) but with lower prevalence of accompanying 

cardiovascular diseases.

74 + years

Three MLTC clusters were identified in this age group 

in UKHLS (Table  2). These clusters had very similar 

profiles to three of the identified clusters in the 37–54 

and 55–73  years age groups for UKHLS. One cluster 

centred around pulmonary conditions, one inclusive of 

cardiometabolic conditions, and another with high prev-

alence of arthritis.

In sensitivity analyses, when SES was included as an 

additional indicator variable in LCA models, the com-

position of MLTC clusters was broadly similar in the UK 

Biobank cohort and almost unchanged in the UKHLS 

cohort (please see Additional File 1: Table S11).

Associations of MLTCs with HRQoL

Tobit regression results for UK Biobank and UKHLS are 

presented in Tables 3 and 4, respectively. After excluding 

participants with missing covariates, a total of 163,121 

and 16,819 participants were included in regression 

analyses in UK Biobank and UKHLS, respectively (Addi-

tional File 1: Figures  S1—S2). EQ-5D index data were 

collected at median 10  years (IQR 9.3, 10.7) follow-up 

in UK Biobank and 5  years (IQR: 4.5, 6.1) follow-up in 

UKHLS. An inverse association between LTC counts and 

EQ-5D index at follow-up was observed in both datasets 

in the 37–54 and 55–73  years age groups, with the ≥ 4 

LTCs group having the greatest deficit compared to the 

‘no multimorbidity’ group (Tables 3 and 4, Model 1). No 

association was observed between ≥ 4 LTCs and EQ-5D 

index in the youngest group for UKHLS, due to extremely 

small numbers with ≥ 4 LTCs in this age group (n = 6).

All identified MLTC clusters were associated with defi-

cits in long-term EQ-5D index scores to varying degrees, 

after adjusting for available sociodemographic and life-

style factors (Tables 3 and 4, Model 2). In the younger age 

groups, clusters with highest prevalence of depression 

(UKHLS 18–36: ‘Depression and asthma’ and ‘Hyperten-

sion and diabetes’; UK Biobank 37–54 years: ‘Depression 

and anxiety’) were associated with some of the largest 

deficits in EQ-5D index (Tables 3 and 4). In UK Biobank, 

clusters with 100% prevalence of painful conditions 

also displayed large deficits in EQ-5D index in both age 

groups (Table  3). In UKHLS, two clusters of predomi-

nantly cardiovascular conditions, in the 37–54 years and 

55–73 years age groups, were associated with the poorest 

HRQoL of any clusters when compared to the respective 

group with ‘no multimorbidity’ (Table 4).

In the combined models, including with both MLTC 

clusters and counts (Additional File 1: Tables S12—S13), 

the negative associations between MLTC clusters and 

EQ-5D index were no longer significant in most cases. In 

UK Biobank, two clusters with high prevalence of pain-

ful conditions (both labelled ‘Pain + ’) and one with men-

tal health conditions (‘Depression & Anxiety’) remained 

negatively associated with EQ-5D index when control-

ling for LTC counts. In UKHLS, only the ‘Arthritis + ’ and 
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Table 2 Summary of identified clusters derived from LCA in people with MLTC

Cluster Label Leading LTCs (within‑cluster 
prevalence [%])

N (%) a No. of LTCs b, 
median (IQR)

Female (%) Most deprived c (%) Mortality d, n (%) Predicted probability 
of cluster membership, 
mean (SD)

18–36 years

UKHLS (n = 16,105)

No multimorbidity 15,416 (95.7) 0 (0, 0) 54.9 29.6

Pulmonary Asthma (100%), Hypertension (33%),  
Arthritis (23%), COPD (14%)

270 (1.7) 2 (2, 2) 65.2 30.0 0.95 (0.07)

Cardiometabolic Depression (59%), Hypertension (55%), 
Diabetes (23%), Arthritis (21%)

251 (1.6) 2 (2, 2) 69.7 35.5 0.99 (0.07)

Depression & Asthma Depression (100%), Asthma (100%) 168 (1.0) 2 (2, 3) 73.8 38.7 0.85 (0.13)

37–54 years

UK BIOBANK (n = 194,109)

No multimorbidity 151,975 (78.3) 0 (0, 1) 54.6 16.7 2170 (1.4)

Hypertension & Diabetes Hypertension (100%), Diabetes (22%), 
Painful conditions (22%)

16,126 (8.3) 2 (2, 3) 47.1 25.4 728 (4.5) 0.82 (0.16)

Asthma + Asthma (100%), Painful conditions (24%), 
Psoriasis or eczema (19%)

9680 (5.0) 2 (2,3) 63.8 21.4 247 (2.5) 0.90 (0.16)

Thyroid & Cancer Thyroid disease (24%), Dyspepsia (24%), 
Cancer (22%)

6006 (3.1) 2 (2, 2) 70.0 21.3 270 (4.5) 0.99 (0.05

Depression & Anxiety Depression (100%), Painful conditions 
(25%), Anxiety (19%)

5250 (2.7) 2 (2, 3) 70.5 27.1 173 (3.3) 0.82 (0.15)

Pain + Painful conditions (100%), Dyspepsia 
(21%), Hypertension (17%)

5072 (2.6) 2 (2, 3) 64.2 22.0 131 (2.6) 0.97 (0.11)

UKHLS (n = 16,726)

No multimorbidity 14,542 (86.9) 0 (0, 1) 53.4 21.2

Pulmonary Asthma (100%), Depression (36%),  
Hypertension (35%), COPD (18%)

805 (4.8) 2 (2, 3) 68.7 30.1 0.99 (0.03)

Depression, Thyroid & Cancer Hypertension (62%), Depression (58%), 
Thyroid disease (25%), Cancer (20%)

485 (2.9) 2 (2, 2) 65.0 25.0 0.99 (0.03)

Arthritis + Arthritis (100%), Hypertension (50%), 
Depression (38%)

466 (2.8) 2 (2, 3) 67.2 32.8 0.99 (0.04)

Cardiovascular CHD (100%), Hypertension (57%),  
Arthritis (38%), Asthma (26%), Diabetes 
(21%), Stroke (11%)

218 (1.3) 3 (2, 4) 45.0 42.2 0.92 (0.11)

Hypertension & Diabetes Hypertension (100%), Diabetes (100%) 210 (1.3) 2 (2, 3) 51.9 44.8 0.81 (0.16)
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Table 2  (Continued)

Cluster Label Leading LTCs (within‑cluster 
prevalence [%])

N (%) a No. of LTCs b, 
median (IQR)

Female (%) Most deprived c (%) Mortality d, n (%) Predicted probability 
of cluster membership, 
mean (SD)

55–73 years

UK BIOBANK (n = 308,254)

No multimorbidity 185,265 (60.1) 1 (0, 1) 53.3 11.5 9095 (4.9)

Cardiometabolic Hypertension (100%), Painful conditions 
(33%), Diabetes (28%), CHD (23%),  
Stroke (8%)

52,740 (17.1) 2 (2, 3) 41.7 18.6 5827 (11.1) 0.81 (0.14)

Pain + Painful conditions (51%), Hypertension 
(34%), Dyspepsia (29%)

33,165 (10.8) 2 (2, 3) 66.0 15.4 2181 (6.6) 0.81 (0.14)

Pulmonary Asthma (100%), Hypertension (36%), Pain-
ful conditions (29%), COPD (12%)

20,624 (6.7) 2 (2, 3) 60.7 15.5 1562 (7.6) 0.68 (0.15)

Cancer + Cancer (100%), Hypertension (44%), Pain-
ful conditions (27%)

16,460 (5.3) 2 (2, 3) 62.3 13.8 2115 (12.9) 0.79 (0.12)

UKHLS (n = 12,308)

No multimorbidity 8191 (66.6) 0 (0, 1) 51.5 15.4

Hypertension + Hypertension (100%), Arthritis (54%), 
Diabetes (31%)

2162 (17.6) 2 (2, 3) 55.4 22.0 0.88 (0.15)

Pulmonary Asthma (100%), Arthritis (58%), Hyperten-
sion (34%), COPD (32%)

730 (5.9) 2 (2, 2) 65.5 20.8 0.81 (0.21)

Depression, Thyroid & Cancer Arthritis (78%), Depression (30%), Thy‑
roid disease (28%), Cancer (27%)

641 (5.2) 3 (2, 4) 68.0 17.6 0.94 (0.07)

Cardiovascular CHD (82%), Hypertension (52%), Arthritis 
(48%), Diabetes (33%), Stroke (19%)

584 (4.7) 3 (2, 4) 38.7 30.3 0.77 (0.16)

74 + years

UKHLS (n = 4047)

No multimorbidity 2161 (53.4) 1 (0, 1) 52.3 15.8

Arthritis + Arthritis (100%), Hypertension (70%), 
CHD (31%)

959 (23.7) 3 (2, 3) 66.0 18.4 1.00 (0.00)

Cardiometabolic Hypertension (78%), CHD (49%), Diabetes 
(40%) Stroke (22%)

547 (13.5) 2 (2, 3) 42.1 19.7 1.00 (0.00)

Pulmonary Asthma (100%), Arthritis (59%), Hyperten-
sion (55%), CHD (29%), COPD (24%)

380 (9.4) 3 (2, 4) 61.1 22.4 1.00 (0.00)

Clusters identified from LCA in people living with MLTCs. ‘No multimorbidity’ group added for reference. Leading LTCs were defined as the most prevalent 2–3 LTCs within the cluster. Bolded LTCs are over-represented 

LTCs with higher than expected within and between-cluster prevalence
a N (%) from age group assigned to each cluster (including ‘No multimorbidity’ population added for reference)

b From n = 43 LTCs (UK Biobank) or n = 13 LTCs (UKHLS)

c % in cluster from most deprived 20% of UK population based on Townsend scores (UK Biobank [< 0.5% missing data]) or IMD scores (UKHLS [no missing data])

d N (%) from each group that died before start of online follow up in UK Biobank only (defined as 1st January 2019). Mortality data were not available for UKHLS
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Table 3 Regression results for EQ-5D index scores at median 10-year follow up in UK Biobank

Covariates: age, sex, ethnicity, deprivation (Townsend quintile), BMI, smoking, alcohol frequency, alcohol weekly units, physical activity, frailty phenotype, and baseline self-rated health

Model 1: LTC Counts Model 2: MLTC Clusters

N β (95% CI) Std. Error p‑value N β (95% CI) Std. Error p‑value

37–54 years

No multimorbidity 54,798 Ref No multimorbidity 54,798 Ref

 2 LTCs 8949  − 0.044 (− 0.049, − 0.039) 0.003  < 0.001 Hypertension & Diabetes 4405  − 0.034 (− 0.042, − 0.027) 0.004  < 0.001

 3 LTCs 2936  − 0.073 (− 0.082, − 0.065) 0.004  < 0.001 Asthma + 3455  − 0.056 (− 0.064, − 0.049) 0.004  < 0.001

 ≥ 4 LTCs 1340  − 0.119 (− 0.132, − 0.106) 0.007  < 0.001 Thyroid & Cancer 2030  − 0.037 (− 0.046, − 0.027) 0.005  < 0.001

Depression & Anxiety 1619  − 0.101, 
(− 0.112, − 0.090)

0.006  < 0.001

Pain + 1716  − 0.092 (− 0.101, − 0.082) 0.005  < 0.001

55–73 years

No multimorbidity 63,694 Ref No multimorbidity 63,694 Ref

 2 LTCs 19,153  − 0.036 (− 0.039, − 0.032) 0.002  < 0.001 Cardiometabolic 11,765  − 0.036 (− 0.041, − 0.032) 0.002  < 0.001

 3 LTCs 8049  − 0.058 (− 0.062, − 0.053) 0.002  < 0.001 Pain + 9267  − 0.069 (− 0.074, − 0.065) 0.002  < 0.001

 ≥ 4 LTCs 4202  − 0.089 (− 0.096, − 0.082) 0.003  < 0.001 Pulmonary 6039  − 0.041 (− 0.046, − 0.035) 0.003  < 0.001

Cancer + 4333  − 0.032 (− 0.038, − 0.026) 0.003  < 0.001



P
a

g
e

 1
0

 o
f 1

7
S

te
e

ll e
t a

l. B
M

C
 M

e
d

ic
in

e
            (2

0
2

5
) 2

3
:1

 

Table 4 Regression results for EQ-5D index scores at median 5-year follow-up in UKHLS

Covariates: age, sex, ethnicity, deprivation (IMD quintile), BMI, smoking, alcohol frequency, physical activity, and baseline EQ index. ‘No multimorbidity’ were the reference group in all models

Model 1: LTC Counts Model 2: MLTC Clusters

LTC Count N β (95% CI) Std. Error p‑value MLTC cluster N β (95% CI) Std. Error p‑value

18–36 years

No multimorbidity 3946 Ref No multimorbidity 3946 Ref

 2 LTCs 166  − 0.086 (− 0.129, − 0.044) 0.022  < 0.001 Pulmonary 86  − 0.082 (− 0.140, − 0.024) 0.030 0.01

 3 LTCs 38  − 0.179 (− 0.257, − 0.101) 0.040  < 0.001 Cardiometabolic 79  − 0.131 (− 0.201, − 0.061) 0.036  < 0.001

 ≥ 4 LTCs 6  − 0.154 (− 0.529, 0.221) 0.191 0.42 Depression & Asthma 45  − 0.105 (− 0.162, − 0.048) 0.029  < 0.001

37–54 years

No multimorbidity 5486 Ref No multimorbidity 5486 Ref

 2 LTCs 565  − 0.106 (− 0.134, − 0.078) 0.014  < 0.001 Pulmonary 327  − 0.128 (− 0.163, − 0.093) 0.018  < 0.001

 3 LTCs 188  − 0.157 (− 0.203, − 0.112) 0.023  < 0.001 Depression, Thyroid & 
Cancer

203  − 0.071 (− 0.117, − 0.026) 0.023 0.002

 ≥ 4 LTCs 89  − 0.283 (− 0.351, − 0.215) 0.035  < 0.001 Arthritis + 183  − 0.167 (− 0.212, − 0.121) 0.023  < 0.001

Cardiovascular 70  − 0.282 (− 0.366, − 0.199) 0.042  < 0.001

Hypertension & Diabetes 59  − 0.112 (− 0.191, − 0.033) 0.040 0.01

55–73 years

No multimorbidity 3621 Ref No multimorbidity 3621 Ref

 2 LTCs 1030  − 0.060 (− 0.079, − 0.041) 0.009  < 0.001 Hypertension + 895  − 0.069 (− 0.090, − 0.049) 0.011  < 0.001

 3 LTCs 419  − 0.091 (− 0.120, − 0.062) 0.015  < 0.001 Pulmonary 328  − 0.085 (− 0.116, − 0.054) 0.016  < 0.001

 ≥ 4 LTCs 255  − 0.181 (− 0.219, − 0.143) 0.019  < 0.001 Depression, Thyroid & 
Cancer

283  − 0.08 (− 0.114, − 0.045) 0.018  < 0.001

Cardiovascular 198  − 0.134 (− 0.175, − 0.094) 0.021  < 0.001

74 + years

No multimorbidity 541 Ref No multimorbidity 541 Ref

 2 LTCs 263  − 0.067 (− 0.110, − 0.025) 0.022 0.002 Arthritis + 252  − 0.094 (− 0.137, − 0.051) 0.022  < 0.001

 3 LTCs 126  − 0.103 (− 0.156, − 0.049) 0.027  < 0.001 Cardiometabolic 138  − 0.072 (− 0.126, − 0.018) 0.027 0.01

 ≥ 4 LTCs 80  − 0.081 (− 0.151, − 0.011) 0.036 0.02 Pulmonary 79  − 0.042 (− 0.110, 0.027) 0.035 0.23
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‘Cardiovascular’ clusters in the 37–54  years age group 

remained negatively associated with EQ-5D index after 

adjusting for LTC count. In all combined models, LTC 

count (as a continuous predictor) remained inversely 

associated EQ-5D index scores. In sensitivity analysis, the 

reported negative associations between LTC counts and 

MLTC clusters with EQ-5D index scores were repeated 

when using OLS regression, although observed effect 

sizes were generally smaller (Additional File 1: Tables 

S14—S15).

Predicted HRQoL: LTC counts vs MLTC clusters

Adjusted predictions for EQ-5D index by LTC counts 

and MLTC clusters are presented in Figs. 1 and 2 for UK 

Biobank and UKHLS, respectively.

In UK Biobank, the adjusted predictions for EQ-5D 

index values at approx. 10-year follow-up were lowest in 

the ≥ 4 LTCs groups when compared to other LTC counts 

or MLTC clusters in the 37–54 years (0.777 [95%CI 0.765, 

0.79]) and 55–73 years (0.796 [95%CI 0.79, 0.802]) groups 

(Fig. 1A & B). In the 37–54 years group, predicted value 

for the ‘Depression and anxiety’ cluster (0.795 [95%CI 

0.784, 0.805]) and ‘Pain + ’ cluster (0.804 [95%CI 0.795, 

0.814]) were the lowest of the MLTC clusters (Fig. 1C). In 

the 55–73 years group, ‘Pain + ’ had the poorest predicted 

EQ-5D index value (0.815 [95%CI 0.811, 0.819]) (Fig. 1D).

In UKHLS, adjusted predictions for EQ-5D index val-

ues at approx. 5-year follow-up differed by age group. 

‘Cardiovascular’ clusters in the two middle age groups 

had the lowest predicted EQ-5D index values of all 

MLTC clusters in this cohort (0.626 [95%CI 0.543, 0.708], 

Fig.  2D), and 0.731 [95%CI 0.693, 0.77], Fig.  2F). Pre-

dicted EQ-5D index value for the ‘Cardiovascular’ cluster 

in the 37–54 years age strata was similar to the predicted 

value for having ≥ 4 LTCs (0.625 [95%CI 0.557, 0.692], 

Fig. 2C).

Discussion
This study uniquely addresses the relationship between 

MLTC clusters and LTC counts on longitudinal HRQoL 

and compares findings across two large national cohort 

data sets. In this study, we identified different MLTC 

clusters across the adult age span and highlighted how 

the negative associations between MLTCs and HRQoL 

differed between clusters. Elucidating the associations 

between MLTC clusters (such as chronic pain and car-

diometabolic clusters) and HRQoL may improve under-

standing of underlying mechanisms, identify targets for 

future interventions, and inform intervention design 

to enhance the likelihood of improving HRQoL in spe-

cific subgroups of people with MLTCs. MLTC clusters 

with conditions like chronic pain, depression, and car-

diovascular disease were routinely associated with large 

deficits in HRQoL. People with such MLTC clusters may 

benefit from development of more targeted interven-

tions for improvement of outcomes. We report negative 

Fig. 1 Predicted values for EQ-5D index at 10-year follow up in UK Biobank for categories of LTC counts and MLTC clusters. N represents number 
of participants per group in the accompanying regression model. Models included either LTC count categories as predictor (A, C) or MLTC clusters 
as predictor (B, D). Adjusted predictions calculated using the margins command in Stata with all covariates held constant at their mean values. 
Covariates: age, sex, ethnicity, deprivation (Townsend quintile), BMI, smoking, alcohol frequency, alcohol weekly units, physical activity, frailty 
phenotype, and baseline self-rated health.
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associations between increasing LTC numbers and 

HRQoL but suggest that MLTC clusters may be equally 

important predictors of HRQoL across some ages. Nota-

bly, the negative association between MLTC clusters with 

chronic pain and HRQoL remained significant even after 

adjusting for number of LTCs.

Identifying MLTC clusters and their associated bur-

den has been identified as a key priority to inform plan-

ning and development of effective healthcare services, 

potential treatments, and interventions, and to advance 

studies of mechanisms of MLTCs [1, 13]. Replication of 

MLTC clusters has been difficult and utilising different 

methodologies has been found to produce some diver-

gent results even in the same data [17]. A MLTC cluster 

containing pulmonary conditions was consistently found 

across different age groups in our analyses, primar-

ily driven by high prevalence of asthma in younger ages 

with increasing COPD prevalence in older groups. This is 

Fig. 2 Predicted values for EQ-5D index at 5-year follow-up in UKHLS for categories of LTC counts and MLTC clusters. N represents number 
of participants per group in the accompanying regression model. Models included either LTC count categories as predictor (A , C, E, G) or MLTC 
clusters as predictor (B, D, F, H). Adjusted predictions calculated using the margins command in Stata with all covariates held constant at their 
mean values. Covariates: age, sex, ethnicity, deprivation (IMD quintile), BMI, smoking, alcohol frequency, physical activity, and baseline EQ index.
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consistent with a recent systematic review of MLTC clus-

tering methods, in which clusters of pulmonary condi-

tions characterised by these two LTCs were one of three 

cluster types that were systematically identified when 

using LCA [19]. Clusters of cardiometabolic conditions 

and mental health disorders were also commonplace in 

MLTC clustering studies, regardless of the method used 

[19, 38]—again in support of the clusters identified in 

our analyses. The inverse association between number 

of co-existing LTCs and HRQoL has been previously 

reported [22] and is validated by our analyses. The nega-

tive association between numbers of LTCs and HRQoL 

were stronger in the UKHLS compared to UK Biobank 

cohort across comparable age groups (37–54  years & 

55–73  years). For example, predicted HRQoL in the ≥ 4 

LTCs group in UK Biobank was similar (0.796 [95%CI 

0.790, 0.802]) to predicted HRQoL for the 2 LTC group in 

UKHLS (0.802 [95%CI 0.775, 0.829]) in the 37–54 years 

age group. These data suggest the impact of MLTCs 

on HRQoL were more pronounced in UKHLS, poten-

tially owing to differences in sociodemographic or other 

unmeasured potential confounders. We acknowledge, 

however, that direct comparisons between these two 

cohorts are limited by differences in the LTCs considered, 

mapping of HRQoL data, and follow-up time, and sug-

gest that future work assessing the role of more concord-

ant assessments of MLTCs and HRQoL across diverse 

populations is needed.

Currently, investigations of longitudinal associations 

between MLTC clusters and long-term HRQoL are lack-

ing. In cross-sectional studies, combined physical-mental 

MLTCs were associated with poorest self-rated heath in 

older European adults [39]. On the other hand, complex 

cardiometabolic and complex respiratory MLTC clusters, 

identified via LCA, had the poorest HRQoL in a large, 

Danish population-based study, scoring around 10–20% 

lower on both physical and mental components of the 

SF-12 questionnaire compared to the ‘relatively healthy’ 

group [16]. Whether these associations were driven by 

the specific cluster of LTCs or the number of co-existing 

conditions was unclear as number of conditions was not 

accounted for in the analyses. In our analyses, MLTC 

clusters centred around high prevalence of cardiovascu-

lar and metabolic diseases were also observed to have the 

largest deficits in HRQoL in the UKHLS cohort, particu-

larly in the middle-aged groups. These associations were 

attenuated after adjustment for number of conditions, we 

expect due to underpowered analyses, and validation and 

analyses of HRQoL in larger clusters with similar mor-

bidity profiles would be beneficial. These clusters, inter-

estingly, contained the highest proportions of men and 

people from the most socioeconomically deprived areas, 

who may be at increased risk from unhealthy lifestyle 

factors and thus require complex interventions with con-

sideration of sociodemographic factors [40].

In the above-mentioned Danish study, mental health 

and musculoskeletal clusters were also associated with 

significantly lower HRQoL compared to the healthy 

group [16], in accordance with our observations in UK 

Biobank of the largest deficits in HRQoL occurring in 

clusters centred around painful conditions and depres-

sion. These were also the only clusters that remained neg-

atively associated with HRQoL after adjustment for LTC 

count. These data are further supported by another UK 

study of eleven single condition LTCs, which reported 

chronic pain and depression to be associated with the 

greatest deficits in cross-sectional EQ-5D index scores 

[41]. Painful conditions (including arthritis in UKHLS) 

and depression were prominent across many of the iden-

tified MLTC clusters in this study and others [7], and may 

represent potential targets for interventions which aim to 

improve HRQoL in people living with MLTCs.

Implications

Improving HRQoL is a critical outcome for people liv-

ing with MLTCs and their healthcare providers [20, 21]. 

Here, we have shown that the burden of reduced HRQoL 

in MLTCs is dependent not only on the number but 

also the cluster of MLTCs that are present. Both factors 

should be considered in the design of future interven-

tions aimed at increasing HRQoL in populations with 

MLTCs, while further investigation of common mecha-

nisms underpinning reduced HRQoL in specific MLTC 

clusters is also required. Disappointingly, previous 

interventions targeting people with MLTCs, evaluated 

using randomised clinical trials and designed to improve 

patient outcomes such as HRQoL, have been largely inef-

fective. A pooled analysis of interventions that used a 

variety of methodological approaches, including organi-

sational change, promotion of self-management and 

medication management strategies, reported no evidence 

of benefit to mental health or HRQoL outcomes (includ-

ing EQ-5D) [42]. Interventions typically included older 

adults with MLTCs, who according to our and others’ 

data may experience lesser detriment to HRQoL com-

pared to younger populations [43], and despite the great-

est burden of MLTCs being in those aged < 65  years [5, 

6]. However, when studies have been designed to address 

specific comorbidities, such as depression, there have 

been reported improvements in depressive symptoms 

[5, 6]. Most interventions adopt a uniform approach to 

MLTC by using a simple count-based criteria, assuming 

that the MLTC population is, to a large extent, homog-

enous. Our data suggests such approaches may be inef-

fective due to populations with different morbidity 

profiles having divergent needs, including differences in 
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long-term HRQoL. Accounting for these different needs 

in service and intervention design may increase the effec-

tiveness of interventions aiming to improve HRQoL and 

consideration of MLTC clusters and counts should be 

implemented at this stage in future.

Hypertension had the highest single condition LTC 

prevalence in both cohorts and appeared as one of 

the top three most prevalent LTCs in 13/15 clusters in 

UKHLS and 6/9 clusters in UK Biobank, further high-

lighting its pervasiveness among people with MLTCs 

[7, 16, 44]. Similarly, painful conditions, depression, and 

arthritis were prevalent in many of the observed MLTC 

clusters. There is an urgent need to ensure interventions 

address the increased complexity of managing these 

issues in the context of MLTCs. Additionally, health ser-

vices and research programmes for people with MLTCs 

should take greater account of the specific needs of peo-

ple, depending on types of MLTC clusters, when design-

ing services or interventions. Our ongoing NIHR funded 

research programme, PERFORM (NIHR202020), is test-

ing an integrated service of personalised exercise rehabil-

itation and self-management strategies for people living 

with MLTCs, taking account of our findings regarding 

MLTC clusters and HRQoL when designing the interven-

tion and trial eligibility criteria [45].

Limitations

The measurement of MLTCs differed across the two 

datasets due to different data collection methods and 

both studies relied on self-reported data on LTCs which 

may be prone to recall bias. The prevalence of MLTCs 

in UKHLS (~ 18%) was likely underestimated due to the 

small number of LTCs used in its measurement (n = 13). 

A major challenge of MLTC research has been the lack of 

consensus in definitions and methodological approaches, 

which can lead to highly variable estimates of MLTC 

prevalence [46, 47]. Future MLTC research could benefit 

from cohorts, clinical trials, and other datasets imple-

menting a common core set of LTCs to define MLTCs, 

in line with recent recommendations [47, 48]. This will 

enhance comparability across research studies and facili-

tate improved understanding of which combinations of 

MLTCs share common mechanisms or have the greatest 

impact on health outcomes and healthcare utilisation. 

Furthermore, a core MLTC definition should improve 

operationalisation into clinical practice and may bet-

ter capture the clinical heterogeneity of MLTCs in com-

parison to previously developed weighted comorbidity 

indexes.

This study did not account for changes in MLTC over 

time and we used a static measure of MLTC at baseline. 

The MLTC profile of many individuals in our analyses 

may have changed over time and the acute effects of 

newly diagnosed LTCs could impact on HRQoL, includ-

ing in people who reported no LTCs at baseline. Future 

work determining how MLTC clusters transition over 

time and how this affects the trajectory of HRQoL, 

healthcare costs, and health outcomes is urgently 

required.

Previous research has highlighted the role of social 

and behavioural determinants and how these factors 

would influence the onset and progression of MLTCs. 

Our objective was to compare the pattern of MLTCs and 

relationship with HRQOL across the two cohorts. We did 

not utilise social and behavioural factors while classifying 

MLTCs using LCA. This is an important limitation of our 

findings. However, Nguyen et al. applied LCA for MLTCs 

classification without and with inclusion of social and 

behavioural factors to find consistent MLTC clusters with 

both these approaches, respectively [49]. As a sensitivity 

analysis to test the influence of SES on MLTC clusters, 

we repeated LCA including SES as an indicator variable 

(similar to the approach of Nguyen et al.). The composi-

tion of MLTC clusters remained broadly similar in UK 

Biobank and almost completely unchanged in UKHLS 

when SES was included in the LCA models.

The UKHLS baseline cohort was broadly representa-

tive of 2011 census data from the UK Office for National 

Statistics (ONS), with the exception of some under-rep-

resentation of men, people with severely limiting long-

term illness, and people from Greater London. However, 

attrition rates were socially patterned, with higher attri-

tion in people who were younger, from minority ethnic 

backgrounds, on lower incomes, and male [50, 51]. In 

contrast, the UK Biobank cohort is known to be health-

ier than the general adult population, with lower rates of 

smoking, morbidity and mortality, and being less likely 

to live in socioeconomically deprived areas [52]. Com-

parison of participants with and without follow-up data 

(Additional File 1: Table  S10) also highlighted socially 

patterned attrition in UK Biobank, and this should be 

considered when evaluating our results. Both cohorts 

suffered from high levels of attrition and loss to follow-

up was greater than 50% (> 75% in the oldest age group 

in UKHLS), which reduced the statistical power of our 

analyses, particularly in UKHLS, due to the small num-

bers of participants in regression models. Nevertheless, 

our analyses show the importance of MLTC clusters on 

long-term HRQoL across both cohorts. As our analyses 

were biased towards participants with generally better 

health status at baseline in each cohort, our estimated 

associations between MLTCs and HRQoL are likely to 

be conservative. Further work is needed to improve 

the collection and analysis of HRQoL data in routine 

healthcare settings and more representative cohort 

studies.
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Our analyses investigated HRQoL at different follow-

up periods in each cohort. Time may be an important 

determinant of HRQoL for people with MLTCs, particu-

larly in groups with high risk of mortality. The higher rate 

of mortality from baseline in MLTC clusters compared 

to the ‘no multimorbidity’ group in UK Biobank, and 

HRQoL questionnaire being completed by only a sub-

group of people, confounds follow-up, as data were avail-

able for a smaller proportion of participants in the MLTC 

clusters. This is perhaps reflected in our UK Biobank 

results, where the adverse associations between MLTC 

and HRQoL are smaller in the older age group, poten-

tially owing to survival and selection bias.

We assigned individuals to MLTC clusters based on 

the highest predicted probability of cluster member-

ship, an approach that has been commonly applied in 

prior MLTC research [7, 53–55]. In both simulated and 

healthcare data, this method was found to outperform 

other clustering algorithms in correctly assigning indi-

viduals to known MLTC clusters [17], and the mean 

predicted probabilities of cluster membership in our 

analyses were > 0.7 in all but one case (Table 2), indicat-

ing good distinction between clusters [56]. Nevertheless, 

this method can introduce the possibility of classifica-

tion error and may bias estimates with distal outcomes 

(in this case, HRQoL) towards the null, and methods to 

mitigate this have been proposed [57]. Another poten-

tial limitation of LCA is subjectivity in model selection, 

as no consensus exists for a single ‘best’ indicator of the 

optimal model [34]. For transparency, a detailed expla-

nation of our LCA methods and model selection process 

has been published online [12]. Additionally, as LCA is a 

prevalence-based approach, LTCs with low cohort preva-

lence do not feature prominently in identified clusters. It 

is, therefore, possible that smaller but potentially impact-

ful MLTC clusters were unrecognised in our analyses and 

alternative approaches may be required to elucidate these 

important subgroups [58].

Finally, we mapped EQ-5D-5L responses onto the EQ-

5D-3L UK value set using crosswalk functions as previ-

ously suggested by NICE [29]. Others have advocated for 

the use of mixture models [59], while a multi-equation 

mapping framework was recently developed by Alava 

et  al. [60]. While this framework was found to perform 

better than crosswalk in translating EQ-5D-5L to EQ-

5D-3L, there were no larger differences between the two 

methods and we therefore would not expect large devia-

tion in findings had we adopted this approach.

Conclusions

We have identified an association between MLTC clus-

ters and long-term poor HRQoL irrespective of LTC 

count. Chronic pain and cardiometabolic MLTC clusters 

had a larger negative impact than other clusters. This has 

important clinical implications for risk assessment and 

clinical management of people with these MLTC clusters. 

Raising awareness of these issues is important for medi-

cal educators and policy makers and to inform and influ-

ence service design and lead to better support for these 

patients. These findings may also influence future work 

in MLTC trials, when designing and developing inter-

ventions to address common underlying symptoms or 

mechanisms and when considering inclusion criteria for 

MLTC intervention trials, especially where HRQoL is a 

key outcome measure.

Abbreviations

aBIC  Sample size adjusted Bayesian information criterion
BIC  Bayesian information criterion
COPD  Chronic obstructive pulmonary disease
EQ-5D  EuroQol five dimension quality of life questionnaire
HRQoL  Health-related quality of life
IMD  Index of multiple deprivation
IQR  Inter-quartile range
LCA  Latent class analysis
LTC  Long-term condition
MLTC(s)  Multiple long-term conditions
UKHLS  UK Household Longitudinal Study

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s12916- 024- 03811-3.

Additional file 1. Table S1. List of self-reported long-term conditions 
used in each cohort for assessment of MLTC. Table S2. Prevalence of 
self-reported LTCs at baseline in UK Biobank and UKHLS. Table S3. Cohort 
characteristics by MLTC clusters in UK Biobank participants aged 37 – 54 
years. Table S4. Cohort characteristics by MLTC clusters in UK Biobank par-
ticipants aged 55 - 73 years. Table S5. Cohort characteristics by MLTC clus-
ters in UKHLS participants aged 18 – 36 years. Table S6. Cohort character-
istics by MLTC clusters in UKHLS participants aged 37 – 54 years. Table S7. 
Cohort characteristics by MLTC clusters in UKHLS participants aged 
55 – 73 years. Table S8. Cohort characteristics by MLTC clusters in UKHLS 
participants aged 74+ years. Table S9. Comparison of baseline cohort 
characteristics in participants with and without HRQoL follow up data in 
UK Biobank. Table S10. Comparison of baseline cohort characteristics in 
participants with and without HRQoL follow up data in UKHLS. Table S11.
Sensitivity analysis: Summary of MLTC clusters when socioeconomic status 
included as a variable in LCA models. Table S12. Association between 
MLTC and HRQoL at 10-years follow up in UK Biobank: combined model 
with MLTC clusters and LTC counts. Table S13. Association between MLTC 
and HRQoL at 5-years follow up in UKHLS: combined model with MLTC 
clusters and LTC counts. Table S14. Sensitivity analyses: OLS regression 
models for EQ-5D Index at 10-years follow up in UK Biobank. Table S15. 
Sensitivity analyses: OLS regression results for EQ-5D Index scores at 
median 5-year follow up in UKHLS. Figure S1. Flow diagram of participant 
inclusion in UK Biobank analyses. Figure S2. Flow diagram of participant 
inclusion in UKHLS analyses.

Acknowledgements

This research has been conducted using the UK Biobank project number 
14151 and UK Data Service project ID 221571. We would like to thank all par-
ticipants and those who collated, managed, and distributed the data.

Authors’ contributions

Conceptualization: BDJ, EM, FSM, LS, RST, SJK, SJS, SA. Methodology: BDJ, FSM, 
JL, LS, SJK, SA, EM. Software: N/A. Validation: LS, SJK, SA, EM. Analysis: BDJ, JL, 
LS, SJK, SA, EM. Data curation: BDJ, BIN, DM, FSM, PH, RST. Writing (original 

https://doi.org/10.1186/s12916-024-03811-3
https://doi.org/10.1186/s12916-024-03811-3


Page 16 of 17Steell et al. BMC Medicine            (2025) 23:1 

draft): LS. Writing (review & editing): BDJ, BIN, CG, DM, EM, FSM, GOD, JL, KJ, LS, 
NG, PD, PH, PO, RAE, RST, SA, SAS, SB, SD, SJK, SJS, SMS, TI, VW, ZA. Visualisation: 
LS. Supervision: EM, BDJ, RST, FSM, SJS. Project administration: RST, FSM, SJS, 
BDJ, ZA. Funding acquisition: BDJ, CG, EM, FSM, KJ, NG, PD, PO, RAE, RST, SAS, 
SB, SD, SJS, TI. All authors read and approved the final manuscript.

Funding

This study undertaken as part of the PERFORM programme and funded by the 
NIHR (Award ID: NIHR202020)]. The views expressed are those of the author(s) 
and not necessarily those of the NIHR or the Department of Health and Social 
Care. KJ is part-funded by the NIHR Applied Research Collaboration West 
Midlands (ARC-WM). SD’s time is supported by the NIHR Applied Research Col-
laboration South West Peninsula (PenARC). SS is NIHR Senior Investigator and 
SS and RE was supported by the Leicester Biomedical Research Centre (BRC).

Data availability

The data that support these findings are available from UK Biobank and the 
UK Data service, subject to successful registration and application processes. 
Access to data from UK Biobank can be requested via the UK Biobank Access 
Management System https:// www. ukbio bank. ac. uk/. Access to UKHLS data 
can be requested via UK Data Service https:// ukdat aserv ice. ac. uk/.

Declarations

Ethics approval and consent to participate

All participants gave informed consent to data provision. UK Biobank has full 
ethical approval from the NHS National Research Ethics Service (16/NW/0274). 
The University of Essex Ethics Committee has approved all data collection on 
UKHLS main study and innovation panel waves.

Consent for publication

Not applicable.

Competing interests

The authors declare that they have no competing interests.

Author details
1 General Practice and Primary Care, School of Health and Wellbeing, University 
of Glasgow, Glasgow, UK. 2 AGE Research Group, Translational and Clinical 
Research Institute, Faculty of Medical Sciences, Newcastle University, Newcas-
tle Upon Tyne, UK. 3 NIHR Newcastle Biomedical Research Centre, Newcastle 
Upon Tyne Hospitals NHS Foundation Trust, Cumbria, Northumberland, Tyne 
and Wear NHS Foundation Trust and Newcastle University, Newcastle Upon 
Tyne, UK. 4 School of Allied and Public Health Professions, Canterbury Christ 
Church University, Canterbury, UK. 5 Health Economics and Health Technology 
Assessment, School of Health and Wellbeing, University of Glasgow, Glasgow, 
UK. 6 MRC/CSO Social & Public Health Sciences Unit, School of Health and Well-
being, University of Glasgow, Glasgow, UK. 7 Discipline of Public Health and Pri-
mary Care, Trinity College Dublin, Dublin, Ireland. 8 Department of Respiratory 
Sciences, University of Leicester, Leicester, UK. 9 University of Exeter Medical 
School, Exeter, UK. 10 School of Sport, Exercise and Rehabilitation Sciences, 
University of Birmingham, Birmingham, UK. 11 Clinical Trials Unit, University 
of Leicester, Leicester, UK. 12 Department of Health Science, University of York, 
York, UK. 13 Department of Cardiopulmonary Rehabilitation, University Hospi-
tals of Leicester NHS Trust, Leicester, UK. 14 Institute of Applied Health Research, 
University of Birmingham, Birmingham, UK. 15 School of Health and Society, 
University of Salford, Manchester, UK. 16 Robertson Centre for Biostatistics, 
School of Health and Wellbeing, University of Glasgow, Glasgow, UK. 

Received: 7 December 2023   Accepted: 9 December 2024

References

 1. The Academy of Medical Sciences. Multimorbidity: a priority for global 
health research. London: The Academy of Medical Sciences; 2018.

 2. Skou ST, Mair FS, Fortin M, Guthrie B, Nunes BP, Miranda JJ, et al. Multi-
morbidity Nat Rev Dis Primers. 2022;8(1):48.

 3. Cassell A, Edwards D, Harshfield A, Rhodes K, Brimicombe J, Payne R, et al. 
The epidemiology of multimorbidity in primary care: a retrospective 
cohort study. Brit J Gen Pract. 2018;68(669):e245–51.

 4. Head A, Fleming K, Kypridemos C, Schofield P, Pearson-Stuttard J, 
O’Flaherty M. Inequalities in incident and prevalent multimorbidity in 
England, 2004–19: a population-based, descriptive study. The Lancet 
Healthy Longevity. 2021;2(8):e489–97.

 5. MacRae C, Mercer SW, Henderson D, McMinn M, Morales DR, Jefferson 
E, et al. Age, sex, and socioeconomic differences in multimorbidity 
measured in four ways: UK primary care cross-sectional analysis. Brit J Gen 
Pract. 2023;73(729):e249–56.

 6. Barnett K, Mercer SW, Norbury M, Watt G, Wyke S, Guthrie B. Epi-
demiology of multimorbidity and implications for health care, 
research, and medical education: a cross-sectional study. The Lancet. 
2012;380(9836):37–43.

 7. Zhu Y, Edwards D, Mant J, Payne RA, Kiddle S. Characteristics, service 
use and mortality of clusters of multimorbid patients in England: a 
population-based study. BMC Med. 2020;18(1):1–11.

 8. Soley-Bori M, Ashworth M, Bisquera A, Dodhia H, Lynch R, Wang Y, et al. 
Impact of multimorbidity on healthcare costs and utilisation: a systematic 
review of the UK literature. Brit J Gen Pract. 2021;71(702):e39–46.

 9. Tran PB, Kazibwe J, Nikolaidis GF, Linnosmaa I, Rijken M, van Olmen J. 
Costs of multimorbidity: a systematic review and meta-analyses. BMC 
Med. 2022;20(1):234.

 10. Jani BD, Hanlon P, Nicholl BI, McQueenie R, Gallacher KI, Lee D, et al. Rela-
tionship between multimorbidity, demographic factors and mortality: 
findings from the UK Biobank cohort. Bmc Medicine. 2019;17:1–13.

 11. Mair FS, May CR. Thinking about the burden of treatment. BMJ. 
2014;349:g6680.

 12. Krauth SJ, Steell L, Ahmed S, Mcintosh E, Dibben GO, Hanlon P, et al. 
Association of latent class analysis-derived multimorbidity clusters with 
adverse health outcomes in patients with multiple long-term condi-
tions: comparative results across three UK cohorts. Eclinicalmedicine. 
2024;74:102703.

 13. Whitty CJM, Watt FM. Map clusters of diseases to tackle multimorbidity. 
Nature. 2020;579(7800):494–6.

 14. Dodds RM, Bunn JG, Hillman SJ, Granic A, Murray J, Witham MD, et al. 
Simple approaches to characterising multiple long-term conditions 
(multimorbidity) and rates of emergency hospital admission: Findings 
from 495,465 UK Biobank participants. J Intern Med. 2023;293(1):100–9.

 15. Hanlon P, Jani BD, Nicholl B, Lewsey J, McAllister DA, Mair FS. Associations 
between multimorbidity and adverse health outcomes in UK Biobank 
and the SAIL Databank: A comparison of longitudinal cohort studies. Plos 
Med. 2022;19(3):e1003931.

 16. Larsen FB, Pedersen MH, Friis K, Glümer C, Lasgaard M. A Latent Class 
Analysis of Multimorbidity and the Relationship to Socio-Demographic 
Factors and Health-Related Quality of Life. A National Population-Based 
Study of 162,283 Danish Adults. Plos One. 2017;12(1):e0169426.

 17. Nichols L, Taverner T, Crowe F, Richardson S, Yau C, Kiddle S, et al. In 
simulated data and health records, latent class analysis was the optimum 
multimorbidity clustering algorithm. J Clin Epidemiol. 2022;152:164–75.

 18. Roso-Llorach A, Violán C, Foguet-Boreu Q, Rodriguez-Blanco T, Pons-
Vigués M, Pujol-Ribera E, et al. Comparative analysis of methods for iden-
tifying multimorbidity patterns: a study of ‘real-world’ data. BMJ Open. 
2018;8(3):e018986.

 19. Busija L, Lim K, Szoeke C, Sanders KM, McCabe MP. Do replicable profiles 
of multimorbidity exist? Systematic review and synthesis. Eur J Epidemiol. 
2019;34(11):1025–53.

 20. Smith SM, Wallace E, Salisbury C, Sasseville M, Bayliss E, Fortin M. A Core 
Outcome Set for Multimorbidity Research (COSmm). Ann Fam Med. 
2018;16(2):132–8.

 21. Tisminetzky M, Bayliss EA, Magaziner JS, Allore HG, Anzuoni K, Boyd 
CM, et al. Research Priorities to Advance the Health and Health Care 
of Older Adults with Multiple Chronic Conditions. J Am Geriatr Soc. 
2017;65(7):1549–53.

 22. Makovski TT, Schmitz S, Zeegers MP, Stranges S, van den Akker M. 
Multimorbidity and quality of life: Systematic literature review and meta-
analysis. Ageing Res Rev. 2019;53:100903.

 23. Gallacher KI, McQueenie R, Nicholl B, Jani BD, Lee D, Mair FS. Risk factors 
and mortality associated with multimorbidity in people with stroke or 

https://www.ukbiobank.ac.uk/
https://ukdataservice.ac.uk/


Page 17 of 17Steell et al. BMC Medicine            (2025) 23:1  

transient ischaemic attack: a study of 8,751 UK Biobank participants. J 
Comorb. 2018;8(1):1–8.

 24. McQueenie R, Nicholl BI, Jani BD, Canning J, Macdonald S, McCowan C, 
et al. Patterns of multimorbidity and their effects on adverse outcomes in 
rheumatoid arthritis: a study of 5658 UK Biobank participants. Bmj Open. 
2020;10(11):e038829.

 25. Deprivation TP. Deprivation. J Soc Policy. 1987;16(2):125–46.
 26. Celis-Morales CA, Lyall DM, Anderson J, Iliodromiti S, Fan Y, Ntuk UE, et al. 

The association between physical activity and risk of mortality is modu-
lated by grip strength and cardiorespiratory fitness: evidence from 498 
135 UK-Biobank participants. Eur Heart J. 2016;38(2):116–22.

 27. Fried LP, Tangen CM, Walston J, Newman AB, Hirsch C, Gottdiener J, et al. 
Frailty in older adults: evidence for a phenotype. J Gerontol A Biol Sci 
Med Sci. 2001;56(3):M146–56.

 28. Rabin R, de Charro F. EQ-5D: a measure of health status from the EuroQol 
Group. Ann Med. 2001;33(5):337–43.

 29. National Institute for Health and Care Excellence (NICE). Position state-
ment on use of the EQ-5D-5L value set for England (updated October 
2019). London: National Institute for Health and Care Excellence; 2019.

 30. van Hout B, Janssen MF, Feng YS, Kohlmann T, Busschbach J, Golicki D, 
et al. Interim scoring for the EQ-5D-5L: mapping the EQ-5D-5L to EQ-
5D-3L value sets. Value Health. 2012;15(5):708–15.

 31. Ware Jr JE, Kosinski M, Keller SD. A 12-Item Short-Form Health Survey: 
construction of scales and preliminary tests of reliability and validity. Med 
Care. 1996;34(3):220–33.

 32. Gray AM, Rivero-Arias O, Clarke PM. Estimating the association between 
SF-12 responses and EQ-5D utility values by response mapping. Med 
Decis Making. 2006;26(1):18–29.

 33. Collins LM, Lanza ST. Latent class and latent transition analysis: With 
applications in the social, behavioral, and health sciences: John Wiley & 
Sons; 2009.

 34. Weller BE, Bowen NK, Faubert SJ. Latent Class Analysis: A Guide to Best 
Practice. J Black Psychol. 2020;46(4):287–311.

 35. Alvarez-Galvez J, Ortega-Martin E, Carretero-Bravo J, Perez-Munoz C, 
Suarez-Lledo V. Ramos-Fiol B. Social determinants of multimorbidity pat-
terns: A systematic review. Frontiers in Public Health; 2023. p. 11.

 36. Devlin N, Parkin D, Janssen B. Analysis of EQ-5D Values. In: Devlin N, Parkin 
D, Janssen B, editors. Methods for Analysing and Reporting EQ-5D Data. 
Cham: Springer International Publishing; 2020. p. 61–86.

 37. University of Essex - Institute for Social and Economic Research. Under-
standing Society: Waves 1–12, 2009–2021 and Harmonised BHPS: Waves 
1–18, 1991–2009. [data collection] 17th Edition.: UK Data Service; 2022.

 38. Prados-Torres A, Calderón-Larrañaga A, Hancco-Saavedra J, Poblador-Plou 
B, van den Akker M. Multimorbidity patterns: a systematic review. J Clin 
Epidemiol. 2014;67(3):254–66.

 39. Sheridan PE, Mair CA, Quinones AR. Associations between prevalent 
multimorbidity combinations and prospective disability and self-rated 
health among older adults in Europe. Bmc Geriatr. 2019;19:1–10.

 40. Foster HME, Celis-Morales CA, Nicholl BI, Petermann-Rocha F, Pell JP, Gill 
JMR, et al. The effect of socioeconomic deprivation on the association 
between an extended measurement of unhealthy lifestyle factors and 
health outcomes: a prospective analysis of the UK Biobank cohort. Lancet 
Public Health. 2018;3(12):e576–85.

 41. Wu M, Brazier JE, Kearns B, Relton C, Smith C, Cooper CL. Examining the 
impact of 11 long-standing health conditions on health-related quality 
of life using the EQ-5D in a general population sample. Eur J Health Econ. 
2015;16(2):141–51.

 42. Smith SM, Wallace E, Clyne B, Boland F, Fortin M. Interventions for improv-
ing outcomes in patients with multimorbidity in primary care and com-
munity setting: a systematic review. Syst Rev. 2021;10(1):271.

 43. Lawson KD, Mercer SW, Wyke S, Grieve E, Guthrie B, Watt GC, et al. Double 
trouble: the impact of multimorbidity and deprivation on preference-
weighted health related quality of life a cross sectional analysis of the 
Scottish Health Survey. Int J Equity Health. 2013;12:67.

 44. Zemedikun DT, Gray LJ, Khunti K, Davies MJ, Dhalwani NN. Patterns of 
Multimorbidity in Middle-Aged and Older Adults: An Analysis of the UK 
Biobank Data. Mayo Clin Proc. 2018;93(7):857–66.

 45. Simpson SA, Evans RA, Gilbert HR, Branson A, Barber S, McIntosh E, et al. 
Personalised Exercise-Rehabilitation FOR people with Multiple long-term 
conditions (PERFORM): protocol for a randomised feasibility trial. BMJ 
Open. 2024;14(4):e083255.

 46. Ho IS-S, Azcoaga-Lorenzo A, Akbari A, Black C, Davies J, Hodgins P, et al. 
Examining variation in the measurement of multimorbidity in research: a 
systematic review of 566 studies. Lancet Public Health. 2021;6(8):e587–97.

 47. Ho ISS, Azcoaga-Lorenzo A, Akbari A, Davies J, Khunti K, Kadam UT, et al. 
Measuring multimorbidity in research: Delphi consensus study. BMJ 
Medicine. 2022;1(1):e000247.

 48. Cooper R, Bunn JG, Richardson SJ, Hillman SJ, Sayer AA, Witham MD. Ris-
ing to the challenge of defining and operationalising multimorbidity in 
a UK hospital setting: the ADMISSION research collaborative. Eur Geriatr 
Med. 2024;15:853–60.

 49. Nguyen H, Chua K-C, Dregan A, Vitoratou S, Bayes-Marin I, Olaya B, et al. 
Factors Associated With Multimorbidity Patterns in Older Adults in 
England: Findings From the English Longitudinal Study of Aging (ELSA). J 
Aging Health. 2020;32(9):1120–32.

 50. Cabrera-Álvarez P, James N, Lynn P. Panel attrition in the General 
Population Sample and the Immigrant and Ethnic Minority Boost of 
Understanding Society. Understanding Society Working Paper Series, No 
2023–03. 2023.

 51. Lynn P, Borkowska M. Some indicators of sample representativeness and 
attrition bias for BHPS and Understanding Society. Understanding Society 
Working Paper Series, No 2018–01. 2018.

 52. Fry A, Littlejohns TJ, Sudlow C, Doherty N, Adamska L, Sprosen T, et al. 
Comparison of Sociodemographic and Health-Related Characteristics 
of UK Biobank Participants With Those of the General Population. Am J 
Epidemiol. 2017;186(9):1026–34.

 53. Nazar G, Díaz-Toro F, Concha-Cisternas Y, Leiva-Ordoñez AM, Troncoso-
Pantoja C, Celis-Morales C, et al. Latent class analyses of multimorbidity 
and all-cause mortality: A prospective study in Chilean adults. PLoS ONE. 
2023;18(12):e0295958.

 54. Olaya B, Moneta MV, Caballero FF, Tyrovolas S, Bayes I, Ayuso-Mateos JL, 
et al. Latent class analysis of multimorbidity patterns and associated out-
comes in Spanish older adults: a prospective cohort study. Bmc Geriatr. 
2017;17(1):186.

 55. Whitson HE, Johnson KS, Sloane R, Cigolle CT, Pieper CF, Landerman L, 
et al. Identifying Patterns of Multimorbidity in Older Americans: Applica-
tion of Latent Class Analysis. J Am Geriatr Soc. 2016;64(8):1668–73.

 56. Nylund-Gibson K, Choi AY. Ten frequently asked questions about 
latent class analysis. Translational Issues in Psychological Science. 
2018;4(4):440–61.

 57. Goodman LA. 1. On the assignment of individuals to latent classes. Soc 
Methodol. 2007;37(1):1–22.

 58. Romero Moreno G, Restocchi V, Fleuriot JD, Anand A, Mercer SW, 
Guthrie B. Multimorbidity analysis with low condition counts: a robust 
Bayesian approach for small but important subgroups. eBioMedicine. 
2024;102:105081.

 59. Coca Perraillon M, Shih Y-CT, Thisted RA. Predicting the EQ-5D-3L Prefer-
ence Index from the SF-12 Health Survey in a National US Sample: A 
Finite Mixture Approach. Med Decision Making. 2015;35(7):888–901.

 60. Hernández Alava M, Pudney S, Wailoo A. Estimating the Relationship 
Between EQ-5D-5L and EQ-5D-3L: Results from a UK Population Study. 
Pharmacoeconomics. 2023;41(2):199–207.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


	Multimorbidity clusters and their associations with health-related quality of life in two UK cohorts
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Background
	Methods
	Data sources
	Assessment of multiple long-term conditions, sociodemographic, and lifestyle information
	Health-related quality of life (outcome)
	Statistical analyses
	Latent class analysis (LCA)
	Association between MLTCs and HRQoL

	Ethical considerations

	Results
	Study populations
	MLTC clusters
	Overview
	18–36 years
	37–54 years
	55–73 years
	74 + years

	Associations of MLTCs with HRQoL
	Predicted HRQoL: LTC counts vs MLTC clusters

	Discussion
	Implications
	Limitations
	Conclusions

	Acknowledgements
	References


