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Summary
Background It remains unclear how to meaningfully classify people living with multimorbidity (multiple long-term
conditions (MLTCs)), beyond counting the number of conditions. This paper aims to identify clusters of MLTCs
in different age groups and associated risks of adverse health outcomes and service use.

Methods Latent class analysis was used to identify MLTCs clusters in different age groups in three cohorts: Secure
Anonymised Information Linkage Databank (SAIL) (n = 1,825,289), UK Biobank (n = 502,363), and the UK
Household Longitudinal Study (UKHLS) (n = 49,186). Incidence rate ratios (IRR) for MLTC clusters were computed
for: all-cause mortality, hospitalisations, and general practice (GP) use over 10 years, using <2 MLTCs as reference.
Information on health outcomes and service use were extracted for a ten year follow up period (between 01st Jan 2010
and 31st Dec 2019 for UK Biobank and UKHLS, and between 01st Jan 2011 and 31st Dec 2020 for SAIL).

Findings Clustering MLTCs produced largely similar results across different age groups and cohorts. MLTC clusters
had distinct associations with health outcomes and service use after accounting for LTC counts, in fully adjusted
models. The largest associations with mortality, hospitalisations and GP use in SAIL were observed for the “Pain+”
cluster in the age-group 18–36 years (mortality IRR = 4.47, hospitalisation IRR = 1.84; GP use IRR = 2.87) and the
“Hypertension, Diabetes & Heart disease” cluster in the age-group 37–54 years (mortality IRR = 4.52, hospitalisation
IRR = 1.53, GP use IRR = 2.36). In UK Biobank, the “Cancer, Thyroid disease & Rheumatoid arthritis” cluster in the
age group 37–54 years had the largest association with mortality (IRR = 2.47). Cardiometabolic clusters across all
age groups, pain/mental health clusters in younger groups, and cancer and pulmonary related clusters in older
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age groups had higher risk for all outcomes. In UKHLS, MLTC clusters were not significantly associated with higher
risk of adverse outcomes, except for the hospitalisation in the age-group 18–36 years.

Interpretation Personalising care around MLTC clusters that have higher risk of adverse outcomes may have
important implications for practice (in relation to secondary prevention), policy (with allocation of health care
resources), and research (intervention development and targeting), for people living with MLTCs.

Funding This study was funded by the National Institute for Health and Care Research (NIHR; Personalised Exercise-
Rehabilitation FOR people with Multiple long-term conditions (multimorbidity)—NIHR202020).

Copyright © 2024 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
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Introduction
There is a growing number of people living with mul-
timorbidity (>2 long-term conditions (LTCs), hereafter
referred to as multiple long-term conditions (MLTCs).1

Global evidence suggests that more than one third of
the world’s general population lives with MLTCs
(37.2%) and that this proportion is increasing.2 Recent
UK evidence based on healthcare data estimates the
prevalence of MLTCs in England at 29%.3 Importantly,

data indicates that there is a relatively higher mortality
risk in younger individuals, and increased prevalence in
deprived areas.4,5 MLTCs are associated with a reduced
quality of life (QoL), functional decline, increased mor-
tality, and increased healthcare utilisation, including
emergency admissions.1,6 People living with MLTCs
experience increased symptom burden and disability
and single disease-based care which is not person cen-
tred and exacerbates treatment burden (the workload of

Research in context

Evidence before this study

On January 15, 2023 we searched PubMed for articles

published for any date, using MeSH terms for

“multimorbidity”, “cluster”, and “latent class analysis”. Our

search returned 157 articles, after excluding duplicates.

Screening for papers relating clusters to health outcomes and

service use, we excluded 130 articles for lack of relevance and

18 articles with results specific either to an index condition or

to a constrained population subgroup (not related to age).

Eight articles conducted latent class analysis (LCA) on a

general population sample to define MLTC clusters and

related them to health and/or service use outcomes, three

using data from the USA, and one each from Italy, Spain,

Portugal, Taiwan, and the UK. Five of these were specifically

focused only on older age groups. Out of the three articles

that used a broader adult population i.e. >18 years, only one

stratified MLTC clusters by age categories. All the included

studies utilised only one data source with no external

validation and none of the previous eight studies studied the

association of MLTC clusters with risk of adverse health

outcomes or service use, after adjusting for the effects of

number of conditions.

Added value of this study

This study compares clusters of conditions in people with

MLTCs across four different age groups. It is the first study to

examine how MLTC clusters differ in their association with

mortality, hospitalisations and general practice use across

multiple datasets after adjusting for the number of LTCs. This

enables us to elucidate the importance of MLTC clusters as a

concept in addition to simple counts of LTCs, when

considering risk of adverse health outcomes and levels of

healthcare utilisation. Largely similar MLTC clusters were

identified between databanks and age groups. Our analysis

shows that MLTC clusters of LTCs have significant

associations with adverse health outcomes and service use,

even after adjusting for sociodemographic/lifestyle factors

and LTC count.

Implications of all the available evidence

Clusters identified in the literature show similarities in which

conditions are grouped together and clusters grouping

cardiometabolic diseases, respiratory conditions, psychiatric/

neurological conditions, and painful conditions are common.

Certain MLTC clusters, such as cardiometabolic clusters, are

consistently associated with adverse health outcomes and

increased service use, although clustering in different age

groups show differences between younger and older adults.

Our findings illustrate that considering MLTC clusters and LTC

counts in analyses provides a more comprehensive

assessment of the true association of MLTC clusters with

health outcomes, and could inform decision making around

healthcare service design and resourcing and be important for

clinical practice and multimorbidity intervention research in

the future.
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self-management).7,8 Due to this increasing burden,
targeted interventions, which are effective and cost-
effective, are needed for people living with MLTCs.

Despite this background, a systematic review of
intervention trials targeting people with MLTCs has
generally not demonstrated cost effectiveness and ach-
ieved little to no improvement in patient outcomes
ranging from clinical outcomes (e.g. blood pressure,
glycaemic control), to health related QoL, health service
utilisation, or medication use for either co- or multi-
morbidity.9 A more recent systematic review, specifically
looking at trials for MLTCs (as opposed to comorbidity),
found little to no evidence for the effectiveness or cost-
effectiveness of interventions on primary outcomes.10

The reviewers noted significant variations in study par-
ticipants and trial design. There was some suggestion
that interventions for people with MLTCs, focused upon
physiotherapy and improving functional capacity to
support physical activity and achievement of activities of
daily living may be more effective.9,11 Despite this, there
have, to date, been no published RCTs reporting
exercise-based interventions for people living with
MLTCs. The NIHR-funded research programme on
personalised exercise-rehabilitation for people with
MLTCs (PERFORM) aims to develop an integrated
approach to rehabilitation, that will include a structured
programme of supervised exercise training and self-
management support.12

Evidence on the best possible way to classify people
with MLTCs remains ambiguous.4,13–15 A systematic re-
view of 51 studies that examined the prevalence of
MLTC clusters found that latent class analysis (LCA) and
cluster analysis were more suitable approaches when
the diseases were treated as discrete entities.13 We pro-
pose to use LCA across different age groups, to identify
clusters of LTCs that tend to frequently occur together
and analyse these MLTC clusters to identify those
groups of MLTCs with the highest risk of adverse health
outcomes and health care service use. Stratifying by age
ensures that we do not treat people of all ages as
homogenous in terms of their LTC profiles.

The specific objectives of this study are:

1. To analyse the association between clusters of
MLTCs (defined using LCA) in different age groups
to health outcomes and service use including mor-
tality, hospitalisations, and General Practitioner
(GP) use, using three UK population datasets when
compared to those with no MLTCs.

2. To investigate what additional information can be
gained from using MLTC clusters in addition to
counts of LTCs in understanding the risk of adverse
health outcomes and service use in patients with
MLTCs.

3. To understand which MLTC clusters have the
highest overall associated absolute risk of mortality,
hospitalisations, and GP use.

Methods
Study sample
The study was performed using data from three cohorts:
UK Biobank, Secure Advanced Data Linkage (SAIL)
Databank in Wales, and the UK longitudinal Health
Survey (UKHLS). Multimorbidity (MLTCs) was defined
as having two or more LTCs at baseline. A list of all
LTCs included, as well as details on all variables
extracted or constructed from each databank is given in
Supplement 1, Table S1.1.

The UK Biobank cohort comprises more than
500,000 participants aged between 37 and 73 years
recruited from England, Scotland, and Wales between
2006 and 2010. UK Biobank participants were registered
with a GP and completed a touchscreen questionnaire
and nurse-led interview as well as physical examinations
at baseline. We extracted data on presence/absence of 43
self-reported LTCs at baseline.16 Additionally, we
extracted data on sex, age, area deprivation (Townsend
score17), smoking, alcohol consumption, ethnicity, frailty
(please see Supplement 1 for definition), self-rated
health, body mass index (BMI), and physical activity
from the same baseline assessment. All demographic
and lifestyle information were self-reported by partici-
pants. Participants’ data were linked to hospital episode
statistics and death registries and, for a sub-set of par-
ticipants (approximately 45%) to primary care data, to
collect data on health outcomes.

The SAIL databank comprises anonymised routine
and emergency health care data for Wales by linking
primary care, hospital, mortality, and demographic data
from general practices and hospitals in Wales which
cover approximately 70% of the Welsh population.18

SAIL data is representative of the Welsh population.19

In SAIL we extracted LTCs for individuals aged 18+
based on Read codes and prescription data in in-
dividual’s linked primary care data recorded by 01st Jan
2011 as described in Hanlon et al., 2022.20 The baseline
date was chosen based on the availability and
completeness of electronic records and similarity to the
UK Biobank baseline assessment. Read codes were
mapped onto the list of 43 LTCs used in UK Biobank
(Supplement 1, Table S1.1).20 Additionally, we extracted
data on sex, age, Welsh index of multiple deprivation
(WIMD), and smoking status at baseline from the SAIL
databank.20

UKHLS is a longitudinal household panel survey of
approximately 51,000 participants recruited from the
general population in the UK.21 We extracted LTC
presence/absence based on questionnaire responses
about 17 pre-determined LTCs individuals had been
asked about at baseline. To map this list to the LTCs
coded for UK Biobank and SAIL, some conditions were
combined into a single condition leading to a total of 13
LTCs which were used for this analysis (Supplement 1,
Table S1.1). Data on hospitalisations and GP use were
based on self-reported number of events during
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questionnaire administration. No mortality data was
available in UKHLS. Additional data on sex, age,
ethnicity, BMI was collected. Data for alcohol con-
sumption, physical activity and smoking status were also
extracted from wave 2 of UKHLS data collection as they
were not available at baseline.21 The data collection for
wave 1 was from Jan 2009 to March 2011 and wave
2 was from Jan 2010 to March 2012. Details on the
coding and availability of variables in each databank can
be seen in Supplement 1, Table S1.2.

Outcome data
Information on health outcomes and service use were
extracted for a ten year follow up period, which was
between 01st Jan 2010 and 31st Dec 2019 for UK
Biobank and UKHLS, and between 01st Jan 2011 and
31st Dec 2020 for SAIL. Outcome data extracted
included: mortality (all-cause mortality based on death
registry, hospitalisations (hospitalisation episodes,
days spent in hospital), and GP use. Data availability
was as follows: All-cause mortality: based on data
from death registries for UK Biobank and SAIL (all
participants). No mortality data from UKHLS. Hos-
pitalisations: based on healthcare records for UK
Biobank (all participants) and SAIL (all participants).
Based on self-reported number of admissions from
UKHLS (for a subset of participants who chose to
answer related questions, and available for five out of
the ten years follow-up). GP use: Approximated by
the number of days where a Read-code was entered
by a primary care provider for UK Biobank (approx-
imately 230,000 (45%) of participants) and SAIL (all
participants). Based on self-reported use of GP for
UKHLS (for a subset of participants who chose to
answer related questions, and available for five out of
the ten years follow-up). Details on the coding and
availability of variables in each databank can be seen
in Supplement 1.

Statistical analysis
The analysis was stratified into four different age-
groups: 18–36 years (available only in SAIL &
UKHLS), 37–54 years (available in all databanks), 55–73
years (all databanks) and 74+ years (SAIL, UKHLS). LCA
was performed in R using the poLCA package22 in each
age-group for people with MLTCs (≥2 LTCs). Using
presence/absence of LTCs (N = 43 LTCs in UK Biobank
and SAIL; N = 13 LTCs in UKHLS), a series of LCA
models were explored containing one to ten latent
classes for each age group/dataset combination (n = 10).
Optimal LCA model selection was based primarily on
model parsimony (using the Bayesian information cri-
terion [BIC] and sample size-adjusted BIC [aBIC]), with
consideration of model classification (entropy) and
substantive clinical interpretation of the model solution.
BIC was selected due to its improved reliability over the
Akaike Information Criteria in large sample sizes.

MLTC clusters were labelled according to within and
between-cluster prevalence of single-condition LTCs.
Considering the large number of 38 MLTC clusters
discussed in this paper, we decided to use cluster names
and have given a detailed narrative explanation of the
rules that were applied for naming the MLTC clusters,
and the reason for each individual name. An overview of
the disease profiles for each MLTC cluster can be found
in Supplement 2. MLTC clusters were named based on
LTCs with the highest between-cluster and within-
cluster prevalence in each age-group and Databank.
Where the LTCs in a cluster affected a common system,
that system was named in the cluster (e.g. pulmonary).
The symbol + was added to a cluster name with one
predominant LTC to indicate that other LTCs were also
prevalent in this MLTC cluster. A detailed naming
rationale for each MLTC cluster can be found in
Supplement 2. For accuracy, we will refer to MLTC
clusters by first indicating the databank (S for SAIL, B
for UK Biobank, & U for UKHLS), followed by the lower
age of the age range (18 for 18–36, 37 for 37–54 etc.) and
then the cluster name. Individuals were assigned to one
MLTC cluster based on their respective posterior prob-
abilities and each individual could only be assigned to
one unique MLTC cluster. Members of the same cluster
differ in their exact LTC profile and numbers of LTCs
based on prevalence of LTCs in the given cluster. A
detailed description of the LCA methods and outcomes
are available in Supplement 3.

To describe socio–demographic profiles of partic-
ipants in each databank we present absolute
numbers per group for sex, age-group, and depri-
vation score for each databank. Mean mortality rates,
hospitalisations, and GP visits were computed for
each group.

To understand the association of MLTC clusters and
condition counts with the outcome, we computed a
count-based variable based on presence/absence of
LTCs into: 0–1 LTC (reference group), 2 LTCs, 3 LTCs
and 4 LTCs and >4LTCs in SAIL and UK Biobank. In
UKHLS LTC counts were grouped 0–1 LTC, 2 LTCs,
3 LTCs and 4+ LTCs based on a better model fit. Par-
ticipants without MLTCs (0–1 LTCs) were used as a
reference group for statistical analysis of the association
of MLTC clusters with mortality, hospitalisations, and
GP use.

All-cause mortality was used as a dichotomous vari-
able at the end of the follow-up period and average
mortality rates over the 10-year follow up were
compared between groups. Hospitalisation events were
defined as count of total unique hospital admissions
during the 10-year follow-up and average hospitalisation
rates were compared between groups. Hospital admis-
sions were counted as separate episodes if they were at
least 24 h apart. Length of hospitalisation was computed
as total number of days spent in hospital during the
10-year follow up period. The proxy for GP use in SAIL
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and UK Biobank was defined as the count of total
number of days during the 10-year follow-up where any
Read codes were entered by a primary care provider and
average rates of GP visits were compared between
groups. In UKHLS, number of hospitalisations, days
spent in hospital, and GP use were based on self-
reported numbers during the follow-up period and
average rates of GP visits were compared between
groups.

Statistical analyses were performed in Stata 17.23

Overdispersion was assessed using alpha-statistics
with alpha-levels close to zero indicating no excess
overdispersion. Negative binomial regression was
employed in case of higher alpha values to account for
overdispersion. Deviance and Pearson goodness of fit
were used to assess model fit in Poisson regression and
log likelihood and likelihood ratio statistics for negative
binomial regression. Negative binomial models were
used to analyse the relationship of MLTC clusters and
LTC counts with 1) number of hospitalisations and 2)
GP use, and Poisson regression was used to analyse the
relationship of latent class-membership and LTC counts
with 3) mortality, adjusting for demographic and life-
style factors as outlined below. Factors considered were:
sex, age, deprivation (WIMD score), and smoking status
in SAIL; sex, age, area deprivation (Townsend score),
smoking, alcohol consumption, ethnicity, frailty, self-
rated health, body mass index (BMI), and physical ac-
tivity in UK Biobank, and sex, age, ethnicity, BMI,
alcohol consumption, physical activity, and smoking in
UKHLS. Non-linearity for quantitative variables was
assessed by creating both, higher-order terms and cubic
splines with 3, 4, and 5 knots distributed at equally
spaced percentiles. The non-linear terms were tested by
comparing their fit in separate univariate models using
AIC and BIC, giving priority to BIC in case of
disagreement. The most parsimonious non-linear terms
were then included in the maximal model if the likeli-
hood ratio test for their inclusion in the univariate
model was significant at the 5% level. Maximal models
were created with all variables, including identified non-
linear terms, clusters, and MLTC counts and the in-
clusion of non-linear terms in the final model was
decided using likelihood ratio testing at a significance
level of 5%. All models were computed over a 10-year
follow up period. An offset adjusting for difference in
observation time based on death before the end of the
follow-up period was used for the hospitalisation and
GP-use regression models in SAIL and Biobank. A list
of variables and their coding and availability in each
database can be found in Supplement 1, Table S2. The
associations between variables and outcomes were
evaluated using incidence rate ratios (IRR) interpreted
as difference in incidence rates compared to the non-
MLTC group with 95% confidence intervals (95% CIs).
In addition to the tables showing details for all three
cohorts, predicted incidence rates (predicted marginal

effect with all covariates set to the mean in the respective
group) for MLTC clusters in different age groups are
shown as graphs for the SAIL cohort, as this is the
largest and most representative cohort, data used in our
analysis.

To compare the association of MLTC clusters with
health outcomes for SAIL and UK Biobank MLTC
clusters from all age groups to each other and un-
derstand which MLTC clusters have the highest
overall impact, we ranked all MLTC clusters by the
predicted years of life lost. The predicted marginal
affects for mortality in each were calculated with
covariates set to their respective means. Ranking was
done by calculating predicted years of life lost (YLL)
for each MLTC cluster according to the World Health
Organisation Global Health Observatory: YLL(c,a) =
N(c) x L(a) where: N(c) = average number of deaths N
in MLTC cluster c (based on predicted marginal ef-
fects during follow up), L(a) is a loss function speci-
fying the years of life lost L for a death at a given age
a, i.e. the average age of participants in this MLTC
cluster, based on the UK national life expectancy in
2019 with a life expectancy at birth of 81.2 years.24

YLL were not stratified by sex. Then, MLTC clusters
were ranked from largest (rank 1) to smallest (rank
38) based on this value. MLTC clusters were also
ranked by number of days spent in hospital, and
number of GP use (Supplement 4).

Ethics and research governance
This study is part of an ongoing NIHR-funded Research
project “Personalised exercise rehabilitation for people
with multiple long-term conditions (PERFORM)”. The
UK Biobank has full ethical approval from the NHS
National Research Ethics Service (16/NW/0274). This
study was conducted as part of UK Biobank Project
14,151. The use and analysis of SAIL data was approved
by the SAIL information governance review panel
(Project 0830). UKHLS data access and use was granted
by the UK Data Service (Project ID: 221,571).

Role of the funding source
The study was funded by the National Institute for
Health and Care Research (NIHR; Personalised
Exercise-Rehabilitation FOR people with Multiple long-
term conditions (multimorbidity)—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.

Results
Study population
In UK Biobank, a total of 502,363 participants were
included. At baseline, 165,157 (32.9%) were classed as
having MLTCs, whereas 164,213 (32.7%) reported one
LTC and 173,133 (34.4%) reported no LTCs. For all
included participants, hospitalisation and mortality data
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were available, whereas data on GP use was available
only for a linked subset of 226,754 participants. Female
sex, older age and higher area deprivation were associ-
ated with higher odds for having MLTCs (Table 1).

In SAIL, 1,825,289 individuals were included in the
analysis, of which 593,559 (32.52%) were classed as
having MLTCs, while 423,710 (23.2%) were affected by
one LTC and 808,016 (44.3%) by no LTCs. For all
included participants, linked GP use, hospitalisation,

and mortality data were available. Higher age, male sex,
and higher area deprivation were associated with higher
odds for multimorbidity (Table 1).

In UKHLS, 49,186 adult individuals were included in
the analysis, of which 8876 (18.1%) were classed as
having MLTCs. Of those without MLTCs, 13,019
(32.3%) reported one LTC and 28,291 (67.7%) reported
no LTCs. Self-reported information on number of hos-
pitalisations and number of GP visits were recorded for

UK Biobank Total MLTCs (row %) Median # of

hospitalisationsd
IQR (hosp.) Median #

GP visitsd
IQR

(GP visits)

Mortality

rate in %

95% CI

(mortality)

Age

37–54 years 194,200 42,149 (21.7%) 2 1–4 37 21–63 2.08 2.02–2.15

55–73 years 308,303 123,008 (39.9%) 3 2–6 59 36–90 7.56 7.46–7.65

Sex

Female 273,383 91,597 (33.5%) 3 1–5 52 31–82 4.06 3.99–4.13

Male 229,120 73,560 (32.1%) 3 1–6 48 25–79 7.09 6.99–7.20

Townsend scorea

1st quintile (least deprived) 100,658 29,938 (29.7%) 3 1–5 48 28–76 4.63 4.50–4.76

2nd quintile 100,097 31,093 (31.1%) 3 1–5 48 28–77 4.77 4.64–4.90

3rd quintile 100,383 31,950 (31.8%) 3 1–5 50 29–80 5.09 4.95–5.23

4th quintile 100,367 33,414 (33.3%) 3 1–6 50 28–81 5.43 5.29–5.57

5th quintile (most deprived) 100,998 38,762 (38.4%) 3 2–6 55 30–91 7.31 7.13–7.45

SAIL Total MLTCs (row %) Median # of

hospitalisationsd
IQR (hosp.) Median #

GP visitsd
IQR

(GP visits)

Mortality

rate in %

95% CI

(mortality)

Age

18–36 years 557,006 53,818 (9.7%) 2 1–4 59 23–123 0.67 0.65–0.69

37–54 years 579,940 139,943 (24.1%) 2 1–4 112 42–205 3.02 2.97–3.06

55–73 years 490,639 246,893 (50.3%) 3 2–6 213 125–298 14.87 14.77–14.97

74+ years 197,704 152,905 (32.5%) 4 2–7 226 132–326 59.32 59.10–59.54

Sex

Female 920,865 339,419 (36.9%) 3 1–5 152 70–252 11.67 11.60–11.73

Male 904,381 254,128 (28.1%) 2 1–5 99 30–214 11.51 11.44–11.57

Undefined 43 12 (27.9%) 1 1–5 76 48–252 2.32 0.33–14.75

WIMD scoreb

1st quintile (most deprived) 331,559 122,662 (37.0%) 3 1–6 143 55–249 12.96 12.84–13.07

2nd quintile 322,076 112,597 (35.0%) 3 1–5 137 51–244 12.74 12.62–12.85

3rd quintile 337,003 113,620 (33.7%) 3 1–5 135 51–241 12.44 12.33–12.55

4th quintile 299,113 95,158 (31.8%) 3 1–5 130 48–235 11.51 11.39–11.62

5th quintile (least deprived) 347,070 103,763 (29.9%) 3 1–5 123 46–225 10.65 10.55–10.75

UKHLS Total MLTCs (row %) Median # of

hospitalisation dayse
IQR (hosp. days) Median #

GP visitse
IQR

(GP visits)

Age

18–36 years 16,105 689 (04.1%) 3 1–6 7 3–13.5 NA

37–54 years 16,726 2184 (13.1%) 3 1–9 8 4–15 NA

55–73 years 12,308 4117 (33.5%) 5 2–14 11 6–19 NA

74+ years 4047 1886 (46.6%) 9 3–24 10 4.5–18.5 NA

Sexc

Male 23,202 3588 (40.3%) 4 1–12 5.5 1.5–12.5 NA

Female 27,709 5308 (59.7%) 4 1–8 8.5 4–16.5 NA

IQR, Interquartile range; MLTC, Multiple long term conditions; CI, Confidence intervals. aLower quintiles indicate lower deprivation. bLower quintiles indicate higher deprivation. cTwo individuals were

marked as “inconsistent sex data”. dNumber of days where any Read code was entered by a primary care provider over 10-year follow-up period. eSelf-reported GP use and hospitalisations over 5-years for

which data was available during the 10-year follow-up period.

Table 1: MLTCs and sociodemographic characteristics of UK Biobank, SAIL and UKHLS participants.
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5 years during the 10-year follow-up period used in this
manuscript. Hospital data were available for 13.682
(27.8%) individuals for number of admissions and from
5925 (12.0%) individuals for number of days admitted.
Data on GP use was available from 23,374 (47.5%) in-
dividuals. No mortality data was available in UKHLS.
Higher age, and female sex were associated with higher
odds for presence of MLTCs (Table 1).

MLTC clusters
Using LCA, we identified the following MLTC clusters
for the different age groups and databases (class mem-
bership n, %)

The derived MLTC clusters differ in the exact com-
bination of LTCs and their respective prevalence, by
following a set of naming rules (Supplement 2), similar
MLTC cluster-names emerged showing similarities in
between-cluster differences in each age-group and
databank. MLTC clusters defined by affected systems,
e.g. pulmonary, mental health, hypertension and
cardiometabolic, cancer, or painful condition MLTC
clusters appeared in almost all age groups across UK
Biobank, SAIL and UKHLS. In SAIL, a substance
misuse cluster appears across most age groups. 95%
confidence intervals for all IRR in the results can be
found in the respective tables and have been omitted
from the main text for better readability.

MLTC clusters and risk of adverse health outcomes
and service use
The associations (IRRs with 95% confidence intervals)
between MLTC clusters and risk of adverse health

UK

Biobank:

Age 37–54

years:

Pulmonary (n = 9683, 23%)

Pain+ (n = 5075, 12%)

Depression and Anxiety (n = 5253, 13%)

Hypertension and

Cardiometabolic

(n = 16,131, 38%)

Cancer, Thyroid disease &

Rheumatoid arthritis

(n = 6007, 14%)

UK Biobank

Age 55–73

years

Pulmonary (n = 20,630, 17%)

Mental health and Pain (n = 33,168, 27%)

Hypertension and

Cardiometabolic

(n = 52,746, 43%)

Cancer+ (n = 16,464, 13%)

SAIL:

Age 18–36

years

Asthma+ (n = 8085, 15%)

Pain+ (Incl. Migraine) (n = 10,231, 19%)

Depression+ (n = 17,698, 33%)

Substance misuse and Mental

health

(n = 11,935, 22%)

Discordant MLTCs (n = 5779, 11%)

SAIL:

Age 37–54

years

Pulmonary (n = 15,873, 11%)

Pain+ (Incl. Migraine and

Rheumatoid Arthritis)

(n = 36,929, 26%)

Substance misuse and Mental

health

(n = 18,740, 13%)

Cardiometabolic (n = 34,808, 25%)

Discordant MLTCs (n = 33,597, 24%)

SAIL:

Age 55–73

years

Pulmonary (n = 23,796, 10%)

Pain+ (Incl. Migraines and

Rheumatoid arthritis)

(n = 42,802, 17%)

Mental health (n = 40,803, 17%)

Substance misuse and Discordant

MLTCs

(n = 9001, 4%)

Hypertension+ (n = 84,063, 34%)

( continues on next column)

(Continued from previous column)

Cardiometabolic (n = 4734, 10%)

Cancer+ (n = 21,694, 9%)

SAIL:

Age 74+

years

Pulmonary (n = 15,432, 10%)

Pain+ (n = 28,832, 19%)

Mental health and Neurological

disorders

(n = 16,136, 11%)

Hypertension+ (n = 61,886, 41%)

Cardiometabolic (n = 13,221, 9%)

Cancer+ (n = 17,399, 11%)

UKHLS:

Age 18–36

years

Pulmonary (n = 270, 39%)

Depression and Asthma (n = 251, 36%)

Cardiometabolic (n = 168, 24%)

UKHLS:

Age 37–54

years

Pulmonary (n = 805, 37%)

Arthritis+ (n = 466, 21%)

Diabetes and Hypertension (n = 210, 10%)

Cardiovascular (n = 218, 10%)

Cancer, Thyroid disease, and

Depression

(n = 485, 22%)

UKHLS:

Age 55–73 Pulmonary (n = 730, 18%)

Hypertension+ (n = 2162, 52%)

Cardiovascular (n = 584, 14%)

Cancer, Thyroid disease, and

Depression

(n = 641, 16%)

UKHLS:

Age 74+ Pulmonary (n = 380, 20%)

Arthritis+ (n = 959, 51%)

Cardiometabolic (n = 547, 29%)
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outcomes, adjusting for the number of LTCs, socio de-
mographic factors, and lifestyle factors across all age
groups for UK Biobank, SAIL and UKHLS are presented
in Table 2 (all-cause mortality), Table 3 (hospitalisation
risk), and Table 4 (GP use). Predicted number of deaths,
hospitalisations, and GP use for each MLTC cluster,
age-group, and database can be seen in Figs. 1–3,
respectively.

Age group 18–36 years (SAIL and UKHLS only)
Data for this age group were available from SAIL and
UKHLS, but not UK Biobank. No data on mortality was
available from UKHLS. Both MLTC clusters and LTC
counts were associated with higher incidence for almost
all health outcomes in this age group, excluding be-
tween MLTC clusters and number of GP use in UKHLS.
Three MLTC clusters were found to have the largest
adjusted strengths of associations for all the outcomes
studied, when compared to the reference group without
MLTCs: “S18_Pain+ (incl. Migraine)” (IRR mortality:
4.47; IRR hospitalisations: 1.88; IRR GP use: 2.91),
“S18_Substance misuse & Mental health” (IRR mortality:
6.77, ; IRR hospitalisations: 1.53; IRR GP use: 2.67), and
“S18_Discordant MLTCs (IRR mortality: 5.17; IRR hos-
pitalisations: 1.88; IRR GP use: 2.58). Overall, these
MLTC clusters had higher or comparable IRRs to that of
having 4, or >4 LTCs, when compared to those without
MLTCs (see Tables 2–4). In UKHLS, only the cluster
“U18_cardiometabolic” was associated with the number
of hospitalisations (IRR: 2.20) (Table 3). MLTC clusters
were not associated with higher number of GP use in
UKHLS. In SAIL, the predicted probability of mortality
and GP use was highest for “S18_Pain+ (incl. Migraine)”
(Figs. 1 and 3) and for “S18_Discordant MLTCs for
hospitalisation events (see Fig. 2).

Age group 37–54 years
The highest strength of association for mortality were
observed for the “S37_Substance misuse and Mental
health” (IRR: 4.52) and the “B37_Cancer, Thyroid disease,
and Rheumatoid arthritis” (IRR: 2.47) clusters, with the
“B37_Hypertension & Cardiometabolic” (IRR: 1.88) cluster
in UK Biobank having second-highest strength of as-
sociation. The substance abuse cluster in SAIL (IRR
4.52) and the cardiometabolic cluster “B37_Car-
diometabolic” in Biobank (IRR: 1.88) had a bigger asso-
ciation with mortality than having >4 LTCs in both
cohorts, SAIL (IRR: 3.19) and UK Biobank (IRR: 1.03),
respectively. The pain-related clusters (“S37_Pain+ (incl.
Migraine & RA)” IRR: 2.11 & “B37_Pain+” IRR: 1.36),
and pulmonary clusters (“S37_Pulmonary” IRR: 1.43 &
“B37_Pulmonary” IRR: 1.45) likewise had higher mor-
tality in both databanks.

The MLTC clusters with the highest IRRs for hos-
pitalisations in this age-group in SAIL and UK Biobank
were: “S37_Subtstance misuse and Mental health” (IRR:
1.65)), followed by the pain-related clusters

(“B37_Pain+” (IRR: 1.59) & “S37_Pain+ (incl. Migraine
& RA)” (IRR: 1.59)) and the cardiometabolic clusters
“B37_Hypertension & Cardiometabolic” (IRR: 1.22),
and “S37_Cardiometabolic” (IRR 1.40) as well as the
pulmonary cluster: “S37_Pulmonary” (IRR: 1.18)), and
(Table 3). The strengths of associations of these were
largely comparable to the associations of having 4 or >4
LTCs, when compared to the reference group without
MLTCs. Although the inclusion of MLTC clusters in the
UKHLS model did not improve the model fit, the two
comparable MLTC clusters “U37_Arthritis+” and
“U37_Diabetes & Hypertension” in UKHLS (but not the
“U37_Asthma+” cluster) likewise showed the highest
(albeit non-significant) association with hospitalisation
events, while the “U37_pulmonary” cluster here had the
lowest IRR (Table 3).

Similar to hospitalisation event, the same MLTC
clusters had the strongest association with number of GP
use: “S37_Substance misuse and Mental health”
(IRR:2.49) “B37_Cancer, T. disease, and R. arthritis” (IRR
1.73), the hypertension/cardiometabolic-related clusters
“B37_Hypertension & Cardiometabolic” (IRR: 1.81) &
“S37_Cardiometabolic” (IRR: 2.04) and the pulmonary-
related clusters “B37_Pulmonary” (IRR: 1.70) &
“S37_Pulmonary” (IRR: 1.91). The UKHLS MLTC clus-
ters were not statistically significantly associated with GP
use but show the same trend as UK Biobank and SAIL in
which MLTC clusters have the biggest association when
they were included in the model (see Table 4).

The absolute mortality and hospitalisation risks were
highest for substance abuse and mental health MLTC
clusters (see Figs. 1 and 2 respectively), and the absolute
risk of GP use was highest for both substance abuse and
mental health and pain + MLTC clusters (see Fig. 3).

Age group 55–73
The MLTC clusters with the largest strengths of asso-
ciation on the incidence of adverse health outcomes
were different across databanks in this age group.

The cluster “S55_ Substance misuse, Mental health &
Complex multimorbidity” had the highest risk of all
adverse outcomes in SAIL (mortality IRR: 2.18; hospi-
talisation IRR: 1.69; GP use IRR: 2.12), when compared
to people without MLTCs, whereas no comparable
cluster existed in the other databanks. The cancer
related MLTC clusters had bigger comparative incidence
rates for hospitalisations (“S55_Cancer+” IRR: 1.79;
“B55_Cancer+” IRR: 14) (Table 3) than for GP use
(“S55_Cancer+” IRR: 1.40; “B55_Cancer+” IRR: 1.45)
(Table 4) but differed in their association with mortality
(Table 2).

There was a higher association of the “S55_Pulmo-
nary” (IRR 1.85) and the “S55_cardiometabolic” (IRR
1.81) MLTC cluster with mortality risk in SAIL, whereas
for hospitalisations and GP use important clusters were
“S55_Pain (incl. Migraine & RA)” (hospitalisation IRR:
1.40; GP use IRR: 1.78) and “S55_Cardiometabolic”
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SAIL

18–36 years IRR p-value 95% confidence interval

MLTC Clusters

Asthma+ 1.43 0.009 1.09 1.86

Pain+ (Incl. Migraine) 4.47 <0.001 3.86 5.19

Depression+ 2.53 <0.001 2.15 2.98

Substance misuse & Mental Health 6.77 <0.001 6.06 7.57

Discordant MLTCs 5.17 <0.001 4.32 6.18

LTC count

2 LTCs 1.46 <0.001 1.26 1.69

3 LTCs 2.86 <0.001 2.26 3.62

4 LTCs 3.90 <0.001 2.29 6.64

>4 LTCs 6.68 <0.001 4.32 6.18

SAIL UK Biobank

37–54 years IRR p-value 95%

confidence

interval

37–54 years IRR p-value 95%

confidence

interval

MLTC Clusters MLTC Clusters

Pulmonary 1.43 <0.001 1.31 1.57 Pulmonary 1.45 0.318 0.70 2.99

Pain+ (incl. Migraine & RA) 2.11 <0.001 1.99 2.23 Pain+ 1.36 0.410 0.65 2.84

Substance misuse & Mental health 4.52 <0.001 4.28 4.78 Depression & Anxiety 1.36 0.412 0.65 2.81

Cardiometabolic 1.94 <0.001 1.82 2.06 Hypertension & Cardiometabolic 1.88 0.086 0.91 3.85

Discordant MLTCs 1.52 <0.001 1.41 1.63 Cancer, Thyroid disease & RA 2.47 0.015 1.19 5.12

LTC count LTC count

2 LTCs 1.31 <0.001 1.24 1.38 2 LTCs 0.77 0.485 0.38 1.59

3 LTCs 1.94 <0.001 1.81 2.07 3 LTCs 0.96 0.907 0.47 1.97

4 LTCs 2.61 <0.001 2.35 2.89 4 LTCs 0.94 0.869 0.45 1.95

>4 LTCs 3.19 <0.001 2.70 3.77 >4 LTCs 1.03 0.931 0.52 2.07

SAIL UK Biobank

55–73 years IRR p-value 95%

confidence

interval

55–73 years IRR p-value 95%

confidence

interval

MLTC Clusters MLTC Clusters

Pulmonary 1.85 <0.001 1.79 1.92 Pulmonary 1.32 0.139 0.92 1.90

Pain+ (incl. Migraine & RA) 1.47 <0.001 1.42 1.51 Mental Health & Pain 1.14 0.470 0.79 1.65

Mental health 1.51 <0.001 1.46 1.56 Hypertension & Cardiometabolic 1.48 0.034 1.03 2.13

Substance misuse & Discordant MLTCs 2.18 <0.001 2.09 2.28 Cancer+ 2.03 <0.001 1.41 2.93

Hypertension+ 1.27 <0.001 1.24 1.31

Cardiometabolic 1.81 <0.001 1.75 1.87

Cancer+ 1.42 <0.001 1.37 1.48

LTC count LTC count

2 LTCs 1.20 <0.001 1.17 1.22 2 LTCs 0.83 0.325 0.58 1.20

3 LTCs 1.45 <0.001 1.41 1.49 3 LTCs 0.91 0.621 0.63 1.31

4 LTCs 1.62 <0.001 1.56 1.68 4 LTCs 0.97 0.870 0.67 1.40

>4 LTCs 1.78 <0.001 1.70 1.87 >4 LTCs 1.11 0.580 0.77 1.58

SAIL

74+ years IRR p-value 95% confidence interval

MLTC Clusters

Pulmonary 1.36 <0.001 1.32 1.40

Pain+ 1.19 <0.001 1.17 1.22

Mental Health & Neurological disorders 1.46 <0.001 1.42 1.50

Hypertension+ 1.20 <0.001 1.17 1.22

Cardiometabolic 1.41 <0.001 1.37 1.46

Cancer+ 1.16 <0.001 1.12 1.19

(Table 2 continues on next page)
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(hospitalisation IRR: 1.40; GP use IRR: 1.78), indicating
differences between drivers for mortality and disability
in this age group. UKHLS MLTC clusters remained not
associated with risk of hospitalisation or GP use. In
SAIL, the absolute mortality risk and GP use risk was
highest for substance misuse/mental health (please see
Figs. 1 and 3 respectively) and the absolute risk of
hospitalisation was highest for the cancer MLTC cluster
(see Fig. 2).

Age group 74+ (SAIL and UKHLS only)
Association between MLTC clusters and risk of
different adverse health outcomes were found to have
modest associations for the oldest age group. Higher
mortality risk in this age group was mostly associated
with the clusters “S74_Mental health and Neurological
disorders” (IRR: 1.46) and “S74_Cardiometabolic” (IRR:
1.41), followed by “S74_Pulmonary” (IRR: 1.36) (see
Table 2). The MLTC cluster most strongly associated
with hospitalisation events was “S74_Cardiometabolic”
(IRR: 1.52) (Table 3). UKHLS MLTC clusters were not
associated with higher hospitalisation risk when LTC
counts were accounted for. MLTC clusters with the
highest IRR for GP use were similar to that of hospi-
talisations, with the most-strongly associated MLTC
cluster being “S74_Cardiometabolic” (IRR 1.70) fol-
lowed by “S74_Mental health and Neurological disor-
ders” (IRR: 1.57) (Table 4).

Comparing SAIL and UK Biobank MLTC clusters by
predicted years of life lost
The MLTC clusters with the greatest number of pre-
dicted years of life lost (YLL) were the substance abuse
clusters “S55_Substance misuse and Discordant MLTCs”,
“S37_Substance misuse and Mental health”, ranking 1st
(i.e. greatest number of predicted life years lost), and
2nd respectively. The substance abuse cluster in the
youngest age-group “S18_Substance misuse and Mental
health” was the highest-ranking MLTC cluster in its age
group, and ranked 11th overall. The MLTC clusters
ranking 3rd, 4th, and 5th were “S66_Pulmonary”,

“S55_Mental health”, and “S55_Cardiometabolic”,
respectively (please see Fig. 4 and Supplement 4,
Tables S4.1–4.3).

On average, MLTC clusters from SAIL rank higher
than MLTC clusters from UK Biobank and, MLTC
clusters from age groups 55–73 and 37–54 rank higher
than MLTC clusters from the oldest age groups,
whereas MLTC clusters from the age group 18–36 were
dispersed throughout, the highest three, ranging 11th
(“S18_Substance abuse and Mental health”), 16th
(“S18_Discordant MLTCs”), and 19th (“S18_Pain+ (incl.
Migraines)”), respectively.

MLTC clusters with hypertension and/or
cardiometabolic-related conditions were among the
highest-ranking MLTC clusters in terms of YLL in their
respective age-group, with “S55_Cardiometabolic” ranking
5th overall and 2nd within its age group, and “B55_Hy-
pertension and Cardiometabolic” ranking 12th overall and
likewise 2nd within its age-group. Other Cardiometabolic
clusters likewise rank between 2nd and 3rd within their
age groups except for the oldest age group 74+. Cancer
and pulmonary-related clusters ranked among the
highest-ranking MLTC clusters for YLL in UK Biobank
(cancer 1st and pulmonary 3rd rank in both age groups in
UK Biobank).

An overview of SAIL and UK Biobank MLTC
clusters ranked by their predicted YYL, can be seen in
Fig. 4.

Tables detailing all predicted associations for mor-
tality, number of days spent in hospital, and number of
GP use with 95% confidence intervals, number of par-
ticipants per MLTC cluster, prevalence of MLTC cluster,
as well as rankings for all the above-mentioned out-
comes and all MLTC clusters together with YLL and YLL
multiplied by prevalence are available in Supplement 4
(Tables S4.1–S4.3).

Sensitivity analysis
We performed a sex-stratified analysis of the association
of MLTC clusters with outcomes in SAIL participants.
Poisson and Negative binomial regressions were

SAIL

74+ years IRR p-value 95% confidence interval

(Continued from previous page)

LTC count

2 LTCs 1.05 <0.001 1.04 1.07

3 LTCs 1.12 <0.001 1.10 1.14

4 LTCs 1.18 <0.001 1.15 1.21

>4 LTCs 1.23 <0.001 1.19 1.28

All models were tested with, and adjusted for, all of the following variables (incl. non-linear and interaction terms where appropriate). Biobank: Sex, age, ethnicity, area

deprivation (Townsend score), smoking status, alcohol consumption, frailty, self-rated health, body mass index (BMI), and physical activity. SAIL: Sex, age, area deprivation

(WIMD score), and smoking status. UKHLS: Sex, age, ethnicity, BMI, alcohol consumption, physical activity, and smoking status.

Table 2: Regression results MLTC clusters and mortality in SAIL and UK Biobank.
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SAIL

18–36 years IRR p-value 95% confidence interval

MLTC Clusters

Asthma+ 1.18 <0.001 1.14 1.21

Pain+ (Incl. Migraine) 1.88 <0.001 1.84 1.92

Depression+ 1.45 <0.001 1.42 1.48

Substance misuse & Mental Health 1.53 <0.001 1.49 1.56

Discordant MLTCs 1.88 <0.001 1.82 1.93

LTC count

2 LTCs 1.12 <0.001 1.09 1.14

3 LTCs 1.63 <0.001 1.55 1.70

4 LTCs 1.57 <0.001 1.38 1.77

>4 LTCs 2.55 <0.001 1.88 3.46

SAIL UK Biobank

37–54 years IRR p-value 95%

confidence

interval

37–54 years IRR p-value 95%

confidence

interval

MLTC Clusters MLTC Clusters

Pulmonary 1.18 <0.001 1.15 1.21 Pulmonary 1.03 0.64 0.90 1.16

Pain+ (incl. Migraine & RA) 1.59 <0.001 1.57 1.62 Pain+ 0.91 0.16 0.80 1.03

Substance misuse & Mental health 1.65 <0.001 1.62 1.68 Depression & Anxiety 1.08 0.20 0.95 1.23

Cardiometabolic 1.40 <0.001 1.37 1.42 Hypertension & Cardiometabolic 1.22 0.002 1.07 1.38

Discordant MLTCs 1.40 <0.001 1.37 1.42 Cancer, Thyroid disease & RA 1.22 0.002 1.07 1.39

LTC count LTC count

2 LTCs 1.14 <0.001 1.12 1.16 2 LTCs 0.98 0.87 0.87 1.12

3 LTCs 1.47 <0.001 1.43 1.50 3 LTCs 1.10 0.11 0.97 1.25

4 LTCs 1.74 <0.001 1.68 1.82 4 LTCs 1.03 0.59 0.90 1.18

>4 LTCs 2.16 <0.001 2.01 2.33 >4 LTCs 1.23 <0.001 1.10 1.39

SAIL UK Biobank

55–73 years IRR p-value 95%

confidence

interval

55–73 years IRR p-value 95%

confidence

interval

MLTC Clusters MLTC Clusters

Pulmonary 1.34 <0.001 1.31 1.36 Pulmonary 0.97 0.65 0.86 1.09

Pain+ (incl. Migraine & RA) 1.40 <0.001 1.38 1.42 Mental Health & Pain 1.00 0.95 0.89 1.13

Mental Health 1.19 <0.001 1.18 1.21 Hypertension & Cardiometabolic 1.13 0.03 1.01 1.27

Substance misuse & Discordant MLTCs 1.69 <0.001 1.64 1.73 Cancer+ 1.14 0.02 1.01 1.29

Hypertension+ 1.14 <0.001 1.13 1.15

Cardiometabolic 1.40 <0.001 1.37 1.42

Cancer+ 1.79 <0.001 1.76 1.83

LTC count LTC count

2 LTCs 1.09 <0.001 1.08 1.11 2 LTCs 1.01 0.79 0.90 1.14

3 LTCs 1.30 <0.001 1.29 1.32 3 LTCs 1.08 0.18 0.96 1.22

4 LTCs 1.49 <0.001 1.46 1.52 4 LTCs 1.13 0.03 1.01 1.28

>4 LTCs 1.68 <0.001 1.63 1.74 >4 LTCs 1.21 0.001 1.07 1.35

SAIL

74+ years IRR p-value 95% confidence interval

MLTC Clusters

Pulmonary 1.38 <0.001 1.35 1.41

Pain+ 1.33 <0.001 1.31 1.35

Mental Health & Neurological disorders 1.35 <0.001 1.32 1.38

Hypertension+ 1.15 <0.001 1.14 1.17

Cardiometabolic 1.52 <0.001 1.49 1.56

Cancer+ 1.37 <0.001 1.35 1.40

(Table 3 continues on next page)
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performed in SAIL (our largest and most representative
cohort) stratified by sex of each age group and outcome.
The same models were used as described in the main
analysis, using the same covariates except for sex. In the

youngest age group 18–36 years, females were found to
have larger strengths of association with the risk of
clinical outcomes/heal service use. Please see Supple-
ment 5 (Tables S5.1–S5.6) for full results.

SAIL

74+ years IRR p-value 95% confidence interval

(Continued from previous page)

LTC count

2 LTCs 1.09 <0.001 1.07 1.10

3 LTCs 1.26 <0.001 1.24 1.28

4 LTCs 1.38 <0.001 1.35 1.40

>4 LTCs 1.54 <0.001 1.50 1.58

UKHLS IRR p-value 95% confidence

interval

18–36 years

MLTC Clusters

Pulmonary 1.21 0.609 0.30 2.02

Depression & Asthma 0.78 0.623 0.56 2.64

Cardiometabolic 2.20 0.037 1.05 4.64

LTC count (continuous due to collinearity) 1.18 0.135 0.95 1.48

37–54 years

MLTC Clusters (do not improve model fit, reported for convenience)

Pulmonary 0.76 0.231 0.48 1.20

Arthritis+ 1.27 0.307 0.80 2.00

Diabetes & Hypertension 1.16 0.680 0.58 2.31

Cardiovascular 0.68 0.290 0.34 1.38

Cancer, Thyroid disease & Depression 0.81 0.397 0.49 1.33

LTC count (values reported for best-fit model without clusters)

2 LTCs 1.49 0.003 1.15 1.93

3 LTCs 1.58 0.020 1.07 2.32

4+ LTCs 2.40 <0.001 1.48 3.88

55–73 years

MLTC Clusters (do not improve model fit, reported for convenience)

Pulmonary 0.97 0.854 0.69 1.36

Hypertension+ 0.91 0.511 0.70 1.19

Cardiovascular 0.75 0.199 0.48 1.16

Cancer, Thyroid disease & Depression) 0.72 0.068 0.50 1.02

LTC count (values reported for best-fit model without clusters)

2 LTCs 1.08 0.381 0.91 1.29

3 LTCs 1.29 0.042 1.01 1.64

4+ LTCs 1.58 0.004 1.15 2.16

74+ years

MLTC Clusters (do not improve model fit, reported for convenience)

Pulmonary 0.98 0.960 0.38 2.50

Arthritis+ 1.03 0.920 0.55 1.94

Cardiometabolic 1.29 0.453 0.67 2.49

LTC count (values reported for best-fit without clusters)

2 LTCs 1.52 0.042 1.02 2.27

3 LTCs 1.28 0.396 0.72 2.27

4+ LTCs 2.42 0.017 1.17 5.00

All models were tested with, and adjusted for, all the following variables (incl. non-linear and interaction terms where appropriate). Biobank: Sex, age, ethnicity, area

deprivation (Townsend score), smoking status, alcohol consumption, frailty, self-rated health, body mass index (BMI), and physical activity. SAIL: Sex, age, area deprivation

(WIMD score), and smoking status. UKHLS: Sex, age, ethnicity, BMI, alcohol consumption, physical activity, and smoking status.

Table 3: Regression results MLTC clusters and number of hospitalisations in SAIL, UK Biobank, and UKHLS.
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SAIL

18–36 years IRR p-value 95% confidence interval

MLTC Clusters

Asthma+ 2.14 <0.001 2.08 2.19

Pain+ (Incl. Migraine) 2.91 <0.001 2.86 2.97

Depression+ 2.01 <0.001 1.97 2.04

Substance misuse & Mental Health 2.67 <0.001 2.61 2.72

Discordant MLTCs 2.58 <0.001 2.52 2.65

LTC count

2 LTCs 1.16 <0.001 1.14 1.19

3 LTCs 1.51 <0.001 1.44 1.58

4 LTCs 1.75 <0.001 1.55 1.97

>4 LTCs 1.75 <0.001 1.30 2.35

SAIL UK Biobank

37–54 years IRR p-value 95%

confidence

interval

37–54 years IRR p-value 95%

confidence

interval

MLTC Clusters MLTC Clusters

Pulmonary 1.91 <0.001 1.88 1.94 Pulmonary 1.70 <0.001 1.51 1.92

Pain+ (incl. Migraine & RA) 2.39 <0.001 2.36 2.41 Pain+ 1.58 <0.001 1.40 1.79

Substance misuse & Mental health 2.49 <0.001 2.46 2.52 Depression & Anxiety 1.62 <0.001 1.43 1.83

Cardiometabolic 2.04 <0.001 2.01 2.06 Hypertension & Cardiometabolic 1.81 <0.001 1.60 2.04

Discordant MLTCs 1.79 <0.001 1.77 1.81 Cancer, Thyroid disease & RA 1.73 <0.001 1.53 1.96

LTC count LTC count

2 LTCs 1.12 <0.001 1.11 1.13 2 LTCs 0.80 <0.001 0.60 0.90

3 LTCs 1.35 <0.001 1.33 1.37 3 LTCs 0.92 0.200 0.82 1.04

4 LTCs 1.56 <0.001 1.51 1.61 4 LTCs 0.99 0.827 0.87 1.12

>4 LTCs 1.79 <0.001 1.69 1.89 >4 LTCs 1.08 0.140 0.97 1.21

SAIL UK Biobank

55–73 years IRR p-value 95%

confidence

interval

55–73 years IRR p-value 95%

confidence

interval

MLTC Clusters MLTC Clusters

Pulmonary 1.62 <0.001 1.61 1.64 Pulmonary 1.53 <0.001 1.38 1.69

Pain+ (incl. Migraine & RA) 1.78 <0.001 1.77 1.79 Mental Health & Pain 1.45 <0.001 1.31 1.60

Mental Health 1.60 <0.001 1.59 1.61 Hypertension & Cardiometabolic 1.57 <0.001 1.42 1.73

Substance misuse & Discordant MLTCs 2.12 <0.001 2.09 2.15 Cancer+ 1.45 <0.001 1.31 1.61

Hypertension+ 1.51 <0.001 1.50 1.52

Cardiometabolic 1.78 <0.001 1.77 1.80

Cancer+ 1.40 <0.001 1.39 1.42

LTC count LTC count

2 LTCs 1.10 <0.001 1.09 1.11 2 LTCs 0.83 <0.001 0.75 0.91

3 LTCs 1.26 <0.001 1.25 1.27 3 LTCs 0.92 0.085 0.83 1.01

4 LTCs 1.37 <0.001 1.36 1.39 4 LTCs 0.99 0.778 0.89 1.09

>4 LTCs 1.46 <0.001 1.44 1.49 >4 LTCs 1.06 0.218 0.97 1.17

SAIL

74+ years IRR p-value 95% confidence interval

MLTC Clusters

Pulmonary 1.49 <0.001 1.47 1.50

Pain+ 1.50 <0.001 1.49 1.51

Mental Health & Neurological disorders 1.57 <0.001 1.55 1.59

Hypertension+ 1.36 <0.001 1.35 1.37

Cardiometabolic 1.70 <0.001 1.68 1.72

Cancer+ 1.36 <0.001 1.35 1.38

(Table 4 continues on next page)
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SAIL

74+ years IRR p-value 95% confidence interval

(Continued from previous page)

LTC count

2 LTCs 1.08 <0.001 1.07 1.09

3 LTCs 1.19 <0.001 1.18 1.20

4 LTCs 1.29 <0.001 1.28 1.31

>4 LTCs 1.40 <0.001 1.38 1.42

UKHLS IRR p-value 95% confidence

interval

18–36 years

MLTC Clusters (do not improve model fit, reported for convenience)

Pulmonary 1.60 0.040 1.02 2.51

Depression & Asthma 1.31 0.264 0.82 2.10

Cardiometabolic 1.78 0.015 1.11 2.85

LTC count (values reported for best-fit model without clusters)

2 LTCs 1.48 <0.001 1.24 1.77

3 LTCs 1.29 0.165 0.90 1.85

4+ LTCs 1.49 0.378 0.61 3.63

37–54 years

MLTC Clusters (do not improve model fit, reported for convenience)

Pulmonary 1.62 <0.001 1.30 2.03

Arthritis+ 1.78 <0.001 1.37 2.32

Diabetes & hypertension 1.50 0.029 1.04 2.15

Cardiovascular 1.51 0.001 1.18 1.93

Cancer, Thyroid disease & Depression 1.53 0.001 1.19 1.98

LTC count (values reported for best-fit model without clusters)

2 LTCs 1.35 <0.001 1.22 1.01

3 LTCs 1.45 <0.001 1.25 1.68

4+ LTCs 1.58 <0.001 1.29 1.93

55–73 years

MLTC Clusters (do not improve model fit, reported for convenience)

Pulmonary 1.23 0.006 1.06 1.43

Hypertension+ 1.17 0.008 1.04 1.31

Cardiovascular 1.13 0.156 0.95 1.35

Cancer, Thyroid disease & Depression) 1.19 0.012 1.04 1.37

LTC count (values reported for best-fit model without clusters)

2 LTCs 1.21 <0.001 1.13 1.30

3 LTCs 1.23 <0.001 1.12 1.36

4+ LTCs 1.28 <0.001 1.12 1.45

74+ years

MLTC Clusters (do not improve model fit, reported for convenience)

Pulmonary 0.81 0.219 0.58 1.13

Arthritis+ 1.11 0.418 0.85 1.46

Cardiometabolic 1.08 0.571 0.83 1.39

LTC count (values reported for best-fit model without clusters)

2 LTCs 1.15 0.089 0.98 1.35

3 LTCs 1.14 0.209 0.93 1.4

4+ LTCs 1.33 0.029 1.03 1.71

All models were tested with, and adjusted for, any or all of the following variables (incl. non-linear and interaction terms where appropriate). Biobank: Sex, age, ethnicity,

area deprivation (Townsend score), smoking status, alcohol consumption, frailty, self-rated health, body mass index (BMI), and physical activity. SAIL: Sex, age, area

deprivation (WIMD score), and smoking status. UKHLS: Sex, age, ethnicity, BMI, alcohol consumption, physical activity, and smoking status.

Table 4: Regression results MLTC clusters and number of GP use in SAIL, UK Biobank, and UKHLS.
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Discussion
In this study, we show that MLTC clusters provide
additional insights into the association of MLTCs with
the outcomes: mortality, hospitalisations, and GP use.
MLTC clusters have distinct associations with the odds
of experiencing adverse health outcomes and increased
service use, over and above the effect of LTC counts.
When adjusted for LTC count and other factors, MLTC
clusters showed clear associations with higher risk for

mortality, hospitalisations, and GP use in the two largest
cohorts, SAIL and UK Biobank. The relative impact of
MLTC clusters over counts on health outcomes
decreased with increasing age. However, the differences
in the effect sizes between MLTC clusters remain
throughout, suggesting that the MLTC clusters play an
important role in determining health outcomes and
resource use, which is independent of increasing
numbers of LTCs.

Fig. 1: Predicted mortality rates by MLTC clusters over a 10-year follow up in SAIL. All other covariates in the model were set to their mean value

in the respective age group. Error bars represent 95% confidence intervals.
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Using LCA to group LTCs into clusters in people
with MLTCs, produced largely similar results across
three UK cohorts: SAIL, UK Biobank, and UKHLS. For
example, MLTC clusters defined predominantly by
pulmonary MLTCs appear in almost all age groups
across UK Biobank, SAIL and UKHLS. Similarly, there
are MLTC clusters primarily defined by mental health
problems, hypertension and/or cardiometabolic disor-
ders, cancer, painful conditions, and (in SAIL)

substance misuse, in most age groups. The main dis-
crepancies between the MLTC clusters derived from the
three databanks are likely due to the different way these
databanks record LTCs for their participants, with each
databank using either a distinct list of LTCs or Read
codes, as well as variations between self-reported vs.
practitioner-recorded diagnoses and health outcomes.
Similar trends to the ones we report here, can be seen in
previous research clustering LTCs into groups, despite

Fig. 2: Predicted number of hospitalisations by MLTC clusters over a 10-year follow up in SAIL. All other covariates in the model were set to their

mean value in the respective age group. Error bars represent 95% confidence intervals.
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very clear differences in number and types of diseases
assessed as well as how the MLTC clusters were named.
In papers with relatively few and self-reported LTCs in
older adults, MLTC clusters formed around Car-
diometabolic/cardiovascular LTCs, Respiratory LTCs,
Neuropsychiatric/cognitive LTCs and MSK/arthritis and
often included a MLTC cluster that combined multiple
different LTCs and could be interpreted as discordant,
similar to the MLTC clusters derived for older adults in
UKHLS.25–28 Cardiovascular clusters in these previous

papers consistently rank relatively high for mortality and
hospitalisations. The only other paper that conducted
clustering on different age groups found comparable
clusters to our SAIL analysis showing the importance
of substance abuse for mortality.3 Although the MLTC
clusters we derived from the different databanks were
largely similar, it is important to keep in mind that
there are notable differences between them. For
example, the two hypertension MLTC clusters in the
SAIL age-groups 55–73 and 74+ years have lower

Fig. 3: Predicted number of GP use by MLTC clusters over a 10-year follow up in SAIL. All other covariates in the model were set to their mean

value in the respective age group. Error bars represent 95% confidence intervals.
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relative prevalence (compared to other MLTC clusters
in the same age-groups) for some of the car-
diometabolic LTCs than is the case in the
hypertension-related clusters of age group 37–55 in
the same databank. It is therefore always important to
look at the exact composition of the MLTC clusters to
understand their similarities and differences. One
ought to take these differences into account when
comparing MLTC clusters and their relation to
outcomes.

MLTC clusters in older age groups had slightly
reduced relative impact on odds of mortality compared
to people without MLTCs than was observed in the
younger age groups, due to the low overall mortality rate
in younger adults. MLTC clusters had higher strengths
of association on mortality than the highest number of
LTCs in several MLTC clusters in the age group 55–73
when also adjusting for counts, which shows the added
value of looking at MLTC clusters together with counts.
Similar variations in effect sizes were previously
observed between MLTC clusters and adverse health
outcomes using a large UK general practice dataset.8

Our YLL analysis also shows the high importance of
addressing substance misuse and mental health clusters
as well as cardiometabolic clusters, especially in younger
and middle-aged people, as these are the MLTC clusters
with some of the most years of life lost overall and in
their age groups, respectively.

SAIL data on LTCs is based on Read codes entered
by a physician during routinely collected data, whereas
UK Biobank data relies on self-reported diagnoses of
diseases, the same as UKHLS, although the latter uses
a much smaller list of LTCs participants can report.
Similarly, outcome measures were recorded differ-
ently. Comparisons between MLTC clusters were most
valid when looking within each dataset. Nonetheless,
the similarity of the MLTC clusters between databanks

allows for some comparison, while keeping the limi-
tations in mind. There were two types of potential
biases which should be considered while interpreting
the findings from our work: sampling and information
bias. Ther was considerably heterogeneity in popula-
tion characteristics of the three cohorts. SAIL was
administrative data with a more representative sample
to the general population while the other two research
cohorts are vulnerable to selection bias. This is likely to
make the population characteristics of the participants
across the three cohorts quite heterogenous. For e.g. in
SAIL cohort, substance misuse related clusters were
identified in both 37–54 years and 55–73 years age
groups, but no corresponding clusters were identified
in UK Biobank in the same age groups respectively.
This could be due to under representation of those
with substance misuse in UK Biobank. Secondly, there
is a possibility of bias due to information collection as
SAIL and UK Biobank outcomes were based on linked
records of death registers and health services data,
while UKHLS data on hospitalisations and GP use are
self-reported. Self-reported data is known to be
different from record-based data due to recall bias and
reporting biases. As such, the comparative potential
between UKHLS and the other two databases was
limited.

Years of Life Lost was calculated for all clusters and
age groups based on the UK national life expectancy in
2019 with a life expectancy at birth of 81.2 years. Using
life expectancy at birth may underestimate the association
of MLTC clusters with mortality in older groups. We used
YLL to compare clusters across different age groups and
databanks. However, when focusing on older age groups,
other measures that value mortality differently from YLL
may be appropriate as a death close to or past life ex-
pectancy is not intrinsically less important in real life
than death further away from life expectancy.
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SAIL and UK Biobank LTC clusters ranked by Years of Life Lost

Fig. 4: SAIL and UK Biobank LTC clusters ranked by Years of Life Lost.
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As this was a secondary data analysis, there were no
formal sample size calculations. The generally smaller
sample size, small number of LTCs recorded in UKHLS
and resulting lower number of people with MLTCs, as
well as the self-reported nature of hospitalisations and
GP use, makes the UKHLS data harder to interpret and
harder to compare to SAIL and UK Biobank. The
number of people assigned to UKHLS clusters are
relatively low when compared to the other two data-
banks. As such, interpretation, and comparison of
strengths of associations in UKHLS need to consider
the possibility of sparse data bias, especially when
comparing between databanks. Likewise, the smaller
number of observations in UK Biobank and UKHLS
reduces power compared to SAIL and may explain the
statistically non-significant association of some MLTC
clusters in these databanks with outcomes better than
an actual lack of association. During the regression
modelling, UKHLS MLTC clusters show little to no as-
sociation with health outcomes and LTC counts alone
generally lead to better model parsimony than including
MLTC clusters in all but the youngest age group in
UKHLS. It is nonetheless encouraging to see, that
somewhat similar MLTC clusters emerge from the LCA
in UKHLS and the other two databanks. Naming of
MLTC clusters in LCA is a complex issue and the name
of MLTC clusters can greatly influence a reader’s
interpretation of the results presented. When inter-
preting the results for individual MLTC clusters and/or
similarly named MLTC clusters, it is important to look
in detail into the exact composition of each MLTC
cluster.29 The main purpose of our statistical modelling
was to describe the association of clusters with the
outcomes adjusted for covariates. The relationship be-
tween covariables such as deprivation, frailty, and
behavioural factors and clusters is likely very complex as
diverse underlying LTCs are influenced in different
ways and magnitudes by different confounders. We
therefore opted to fit the models based on statistical
methods alone, despite the risk of potentially excluding
clinically important confounders when selection is
based on such an approach. The in-depth analysis and
interpretation of the varied interrelationships between
clusters, covariates, and outcomes warrants further
analysis and causative modelling. The other limitation
of this study is the possibility of residual and unmea-
sured confounding, which is a common limitation of
observational studies, especially with measurement er-
rors in capturing smoking and alcohol consumption
levels. Of note, the information on smoking and alcohol
consumption and physical activity levels in UKHLS
were collected in wave 2 which was on average
12 months after the baseline, this is based on the
assumption that the differences in social-behavioural
factors are likely to be a lot smaller over a 1–2-year
period (between the first wave from Jan 2009 to March
2011 and second wave from Jan 2010 to March 2012)

than they will be over the entire 10 year follow-up of the
study, and that the margin of error between the first and
second wave is therefore acceptable.

This research shows that the combinations of LTCs
in MLTC clusters have a distinct association with health
outcomes and resource use, in addition to the effect of
number of LTCs, particularly in younger age groups.
Our work highlights the heterogenous nature of people
living with MLTCs and the importance of developing
tailored responses to people with different MLTCs
particularly those with the highest risk of adverse
outcomes such as “Pain+” cluster in the age-group
18–36 years and the “Hypertension, Diabetes & Heart
disease” cluster in the age-group 37–54 years. The find-
ings from this study will be used to inform patient
selection within the PERFORM trial which will design
and test personalised exercise-based interventions for
people with MLTCs that have a known benefit from
exercise.10 Improved risk stratification of people with
MLTCs, for example, through taking greater account of
MLTC clusters in addition to LTC counts and other
sociodemographic factors, may have important impli-
cations for practice (in relation to secondary prevention),
policy (with distribution of resources), and research
(intervention development and targeting), for people
living with MLTCs.
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