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Abstract

Background

Multimorbidity, characterised by the coexistence of multiple chronic conditions in an individ-
ual, is a rising public health concern. While much of the existing research has focused on
cross-sectional patterns of multimorbidity, there remains a need to better understand the
longitudinal accumulation of diseases. This includes examining the associations between
important sociodemographic characteristics and the rate of progression of chronic
conditions.

Methods and findings

We utilised electronic primary care records from 13.48 million participants in England,
drawn from the Clinical Practice Research Datalink (CPRD Aurum), spanning from 2005 to
2020 with a median follow-up of 4.71 years (IQR: 1.78, 11.28). The study focused on 5
important chronic conditions: cardiovascular disease (CVD), type 2 diabetes (T2D), chronic
kidney disease (CKD), heart failure (HF), and mental health (MH) conditions. Key sociode-
mographic characteristics considered include ethnicity, social and material deprivation, gen-
der, and age. We employed a flexible spline-based parametric multistate model to
investigate the associations between these sociodemographic characteristics and the rate
of different disease transitions throughout multimorbidity development. Our findings reveal
distinct association patterns across different disease transition types. Deprivation, gender,
and age generally demonstrated stronger associations with disease diagnosis compared to
ethnic group differences. Notably, the impact of these factors tended to attenuate with an
increase in the number of preexisting conditions, especially for deprivation, gender, and
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age. For example, the hazard ratio (HR) (95% ClI; p-value) for the association of deprivation
with T2D diagnosis (comparing the most deprived quintile to the least deprived) is 1.76
([1.74,1.78]; p< 0.001) for those with no preexisting conditions and decreases to 0.95
([0.75, 1.21]; p=0.69) with 4 preexisting conditions. Furthermore, the impact of deprivation,
gender, and age was typically more pronounced when transitioning from an MH condition.
For instance, the HR (95% CI; p-value) for the association of deprivation with T2D diagnosis
when transitioning from MH is 2.03 ([1.95, 2.12], p < 0.001), compared to transitions from
CVD 1.50 ([1.43, 1.58], p<0.001), CKD 1.37 ([1.30, 1.44], p<0.001), and HF 1.55 ([1.34,
1.79], p<0.001). A primary limitation of our study is that potential diagnostic inaccuracies in
primary care records, such as underdiagnosis, overdiagnosis, or ascertainment bias of
chronic conditions, could influence our results.

Conclusions

Our results indicate that early phases of multimorbidity development could warrant

increased attention. The potential importance of earlier detection and intervention of chronic

conditions is underscored, particularly for MH conditions and higher-risk populations. These
insights may have important implications for the management of multimorbidity.

Author summary

Why was this study done?

» Multimorbidity, the presence of 2 or more chronic conditions in an individual, is a
growing concern in ageing societies. A better understanding of how these conditions
develop and progress over time, and the factors associated with this process, is impor-
tant for more effective management and treatment.

o Previous research has analysed the association between certain socioeconomic and
behavioural factors and the rate of disease progression over time. However, these studies
typically focused on a limited number of conditions and rarely considered all possible
combinations. Furthermore, their analyses often rely on relatively small datasets.

o There is a gap in our detailed understanding of the impact of sociodemographic charac-
teristics—such as ethnicity, deprivation, age, and gender—on the progression of multi-
ple chronic conditions.

What did the researchers do and find?

o We analysed the health records of over 13 million participants in England from 2005 to
2020, focusing on how factors like ethnicity, deprivation, gender, and age are associated
with the accumulation of 5 common conditions: cardiovascular disease (CVD), type 2
diabetes (T2D), chronic kidney disease (CKD), heart failure (HF), and mental health
(MH) conditions.
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« We found that factors like deprivation, age, and gender generally have a stronger link to
the diagnosis of these conditions compared to ethnicity. Moreover, the impact of depri-
vation, age, and gender tend to be weakened as the number of preexisting conditions a
person has increases.

o In particular, when an individual already has an MH condition, and if they were older,
male, or from more deprived groups, they were expected to develop other conditions
like CVD, T2D, and HF more quickly compared to scenarios involving other preexisting
conditions.

What do these findings mean?

« Our findings suggest that early stages, when people are starting to develop multiple
health issues, especially when MH problems are first diagnosed and in high-risk groups,
may require more attention for improved patient care and healthcare strategies.

o Our results underscore the need to investigate and better understand the different bio-
logical, psychological, and societal factors that influence the progression to
multimorbidity.

« Note that our analysis is based on health records, which may have incomplete or inaccu-
rate information, including potential inaccuracies in condition diagnosis. These limita-
tions may have an influence on our results.

Introduction

Multimorbidity or multiple long-term conditions is defined as the coexistence of 2 or more
chronic conditions in an individual [1]. Multimorbidity increases with age, and, because of the
complexity of managing those with multiple health conditions, it is of increasing importance
in countries with ageing populations [2]. Existing research indicates that multimorbidity is
associated with poorer quality of life, worsened health outcomes, increased healthcare use, and
higher mortality [3,4]. Multimorbidity develops sequentially, as individuals accumulate diag-
noses, but to date, research has mainly described cross-sectional patterns of multimorbidity,
primarily focusing on estimating multimorbidity prevalence and identifying multimorbidity
clusters [5-8]. We need to understand how diseases accumulate over time and the associations
of potentially important sociodemographic characteristics with this accumulation process.
This may help identify those at high risk of developing further diseases. A recent systematic
scoping review summarised research on longitudinal modelling and analysis of multimorbid-
ity patterns; see [9]. One of these analyses investigated the sequence of occurrence of diseases
using a visualisation approach, stratified by deprivation status, age, and ethnicity [10]. They
reported that the more socially deprived had a greater risk for multimorbidity and that ethnic-
ity was associated with the development of multimorbidity.

The progression of multimorbidity can be conceptualised as an individual transitioning
through various states of comorbidity, each representing a distinct disease profile. This
sequence of disease accumulation can be viewed as a specific form of event history. Multistate
models (MSMs) extend the traditional survival model to encompass more than 2 states,
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providing a useful probabilistic framework for modelling complex longitudinal event history
data and making predictive inferences. MSMs have been effectively used in recent multimor-
bidity studies. For instance, MSMs have been applied to investigate the progression of 3
chronic conditions in an elderly population [11] and to analyse socioeconomic inequalities in
life expectancy with and without multimorbidity [12]. They have also been used to assess the
influence of lifestyle factors on disease accumulation [13] and to explore the effects of sociode-
mographic and clinical factors on several stages of multimorbidity development [14]. Other
studies have utilised MSMs to examine the potentially differing impacts of lifestyle risk factors
on cardiometabolic multimorbidity [15] and to assess the role of midlife factors on different
cardiometabolic disease trajectories [16]. In a more recent study, a 17-state MSM was used to
examine the impact of the order of disease acquisition on patient mortality [17].

Despite the significant potential of MSMs for multimorbidity analysis, their current uti-
lisation is often constrained by computational challenges associated with model estimation
and/or constraints in sample size. Most existing MSMs for multimorbidity have been
restricted to incorporate only a minimal number of conditions (for instance, 3) or repre-
sent multimorbidity status merely as counts of conditions rather than discerning specific
condition combinations to simplify the model structure. In addition, current models
largely rely on simple parametric models such as the Weibull hazard model, which has lim-
ited flexibility, or Cox semiparametric models, which are incapable of absolute risk quanti-
fications or predictions over time. While certain risk factors such as age, gender, and some
lifestyle factors have been considered, detailed studies on the impact of sociodemographic
characteristics on the rate of disease-specific multimorbidity progression remain scarce.
Furthermore, the reliance on relatively small cohort samples in most of the previous analy-
ses may limit the power of their findings relative to the number of states of the models and
subgroups.

In this work, we propose a flexible parametric multistate modelling framework for describ-
ing the temporal progression of 5 chronic conditions and investigating the association between
several key sociodemographic risk factors, including age, gender, ethnicity and social and
material deprivation, and the rate of different disease transitions. We focus on cardiovascular
disease (CVD), type 2 diabetes (T2D), chronic kidney disease (CKD), mental health (MH)
conditions, and heart failure (HF), which are cardiometabolic, renal conditions and mental
conditions that are common, important, and well coded in primary care due to the Quality
and Outcomes Framework (QoF) incentivisation programme for general practice. These con-
ditions have well-established treatment and prevention strategies that are known to frequently
co-occur, especially in socioeconomically deprived areas [18]. By treating different disease
combinations as separate states, our model comprises a total of 33 states and 112 transitions
and is estimated based on a large dataset of approximately 13 million English electronic pri-
mary care records. Importantly, our MSM extends previous works by allowing for more
comorbidity states and disease transition types, thus providing a more detailed characterisa-
tion of the impacts of the sociodemographic factors on the progression of these 5 diseases.
While the framework is flexible and capable of accommodating different or additional condi-
tions in principle, our primary analysis centres on these 5 conditions to avoid overcomplicat-
ing the presentation and interpretation of results.

Methods
Ethics statement

The Clinical Practice Research Datalink (CPRD) Research Database has ethics approval from
the Health Research Authority to support research using anonymised patient data (East
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Midlands—Derby Research Ethics Committee, reference 21/EM/0265). Data were approved
for this study by the CPRD Independent Scientific Advisory Committee (protocol 19_265).

Data sources

The study investigated the temporal sequence of diagnosed chronic conditions in a large anon-
ymised dataset of electronic primary care records, the CPRD [19]. The CPRD Aurum database
contains routinely collected primary care electronic health records from 19 million partici-
pants across the 738 English general practices that use EMIS Web software [19] (10% of prac-
tices and 13% of the English population). It is representative of the English population in
terms of age, gender, regional geographical spread, and deprivation. It contains information
on individual participant demographics. Clinical observations, diagnoses, test results, immuni-
sations, lifestyle factors, and prescriptions are recorded as Read Version 2, SNOMED Clinical
Terms, and EMIS Web clinical codes. Data are available from 1995 onwards, and there is a
median follow-up of 4.2 years (IQR: 1.5 to 11.4) for all patients and 9.1 years (IQR: 3.3 to 20.1)
for currently registered patients [19].

Conditions

In this study, we placed our attention on 5 specific chronic conditions: (1) CVD, which com-
prises ischaemic heart disease (IHD) and stroke or transient ischaemic attack (TIA); (2) T2D;
(3) CKD; (4) MH conditions, comprising depression and/or anxiety; and (5) HE. Within
CVD, we distinguished between IHD, which primarily affects the heart, and stroke or TIA,
which primarily affects the brain. For MH conditions, we concentrated on depression and anx-
iety as they are the most prevalent MH conditions [20], and, while there is clinical overlap in
their presentation, they are typically phenotypically quite distinct from other less common
MH conditions such as psychotic disorders, posttraumatic stress disorder, and substance mis-
use disorders. The presence of a chronic condition was determined by the occurrence of one
of the relevant clinical codes (code lists are provided in S1 Code Lists) in the participant rec-
ords (based on primary care data only), and the date of diagnosis was taken as the date of the
first occurrence of any associated clinical codes. An absence of the code was considered to
indicate an absence of the respective condition.

Sociodemographic characteristics

Sociodemographic characteristics include ethnicity, social and material deprivation, age (cal-
culated from the year of birth), and sex (male/female). Ethnicity was initially classified into 5
different groups, including White, South Asian (South Asian or British Asian), Black (Black
African, Black Caribbean, or Black British), Mixed, and Others (ethnicity codings are provided
in S1 Code Lists) [21]. In our multistate analysis described below, Mixed was merged into Oth-
ers due to their infrequency in many disease transitions. Social and material deprivation were
approximated using the English Index of Multiple Deprivation (IMD), which is derived from a
range of factors including income, employment, education, crime, and living environment.
The IMD is a widely accepted, area-based composite measure of area-level deprivation [22]. In
the raw CPRD Aurum data, each participant was assigned an IMD decile, ranging from 1
(least deprived) to 10 (most deprived), based on their area of residence. For our analysis, we
consolidated IMD deciles into quintiles to facilitate the presentation of our results. This level
of granularity seemed sufficient for our purpose, as we are primarily interested in the general
association patterns between deprivation levels and disease progression.
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Cohort description

Participants were eligible for inclusion in the study if they were registered in a general practice
contributing to CPRD between the study start date and the study end date. The study start
date was defined as the latest of the date the participant turned 18, 01/01/2005, or 6 months
after the participant registration start date. The study end date was defined as the earliest of the
participant registration end date, date of death, or the last collection date for practice (11/05/
2020). The minimum period of registration ensures time for participant characteristics to be
recorded and prior diagnoses to be transferred/recorded. Participants were followed up con-
tinuously during the study period. For conditions where code lists were combined the earliest
valid code in any code list was used as the date of incidence, and long-term conditions
recorded before the study start date were treated as prevalent. In preparing our dataset for
analysis, we began by excluding participants aged over 90 years at the study start date

(n = 194,726). From the remaining participants, we further excluded those with gender classi-
fied as indeterminate (n = 395), those with missing data on IMD (n = 40,564), and those with
missing ethnicity information (n = 6,345,105). Additionally, participants with no follow-up
period (n = 1,199,267) were removed from the dataset. The final cohort consists of a total of
13.48 million participants. More details regarding the sample selection procedure are provided
in Fig A in S1 Text.

Statistical method

To evaluate how sociodemographic characteristics such as ethnicity, deprivation, age, and sex
are associated with the rate of different disease accumulation during multimorbidity develop-
ment, we considered an MSM with a total of 33 states and 112 allowable direct transitions (see
Fig 1 for an illustration). The states incorporate all possible combinations of the 5 conditions a
person may have during the process of disease progression and the permitted instantaneous
state-to-state transitions were indicated by a direct solid line with an arrow indicating the
direction of the transition. The death state is the terminal state and can be directly reached
from any other state. There are 2 simplifying assumptions underlying the multistate diagram
shown in Fig 1. The first assumption is that once a chronic condition is diagnosed, it remains
“switched on.” This practice is common in large-scale health research and is also necessitated
by the limitations of our available data. The second assumption is that no more than 1 event
per person (either a diagnosis or death) can happen on the same day. This is based on the
observation that “simultaneous transitions”—two or more events happening on the same day
—are extremely rare. Among our cohort of 13.47 million participants, the most frequent
instances of such transitions did not exceed about 5,000 cases (i.e., less than 0.04%). In fact,
these same-day diagnoses are likely to be artificially increased by same-day diagnostic tests or
recording of diagnoses, which raises questions about the accuracy of the timing of these
recorded transitions. Therefore, we excluded the data associated with these simultaneous tran-
sitions from our analysis.

To flexibly specify the MSM, we followed the suggestions of [23] to use a separate time-to-
event model for each transition, and we used a clock-reset time scale (i.e., the time scale resets
to zero after every transition) so that the outcome of interest is the time from one disease diag-
nosis to the next diagnosis or death. More specifically, we modelled the logarithm of the cumu-
lative transition-specific intensities as a spline function of log time [24]. This allowed us to
estimate hazard ratios (HRs) for each factor—age, sex, ethnicity, and deprivation—adjusted
for the other factors (for instance, HRs for the ethnic group are adjusted for age, sex, and
IMD). To limit the model’s complexity and facilitate summarisation and consistent interpreta-
tion of results, we assumed proportional hazards and no interactions between these predictors
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Fig 1. The multistate diagram depicting disease progression. The initial state, labelled “None,” represents participants with no
comorbidities at the start of the study. Intermediate comorbidity states are colour coded as follows: cardiovascular disease (CV, orange),
type 2 diabetes (T2, yellow), chronic kidney disease (CK, brown), mental health conditions (MH, blue), and heart failure (HF, purple).
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for each transition. When fitting each transition, we considered data from all participants who
underwent that transition during the study period. Any diagnoses that occurred before the
study’s start date were treated as prevalent. Model parameters were estimated and their uncer-
tainties quantified based on maximum likelihood estimation (MLE) theory, and the p-values
for the HRs were determined based on the Wald test. We were able to do this efficiently by
leveraging the factorization property of the model likelihood, which enabled us to fit each tran-
sition independently and thus exploit parallel computing. See Text A in S1 Text for additional
details. The goodness of fit of the fitted model was assessed based on the Cox-Snell residuals;
see Text B in S1 Text for further details. In our implementation, we utilised the flexsurv pack-
age [25] within the R software environment. These computations were performed on the Cam-
bridge Service for Data Driven Discovery (CSD3) High-Performance Computing (HPC)
system using the Ice Lake CPUs.

To investigate the potential association between the number of preexisting conditions and
the HRs associated with each sociodemographic characteristic for transitions into each of the 5
conditions, we further conducted a meta-regression analysis based on the fitted MSM (see
Text C in S1 Text). The dependent variable in our meta-regression is the estimated log-trans-
formed HR(s) for a given characteristic, pertaining to a specific transition, and the indepen-
dent variable is the number of preexisting conditions prior to the corresponding transition. To
account for heterogeneity among various types of transitions, we incorporated a random effect
into the model. The analysis was implemented using the metafor R package [26].

To assess the robustness of our results under various modified settings, we conducted a
series of sensitivity analyses. First, we evaluated the impact of condition settings on the results.
We substituted HF, which is more similar to CVD among the 5 conditions, with another con-
dition that affects a different organ system—here, we choose chronic obstructive pulmonary

PLOS Medicine | https://doi.org/10.1371/journal.pmed.1004310 November 3, 2023 7/21


https://doi.org/10.1371/journal.pmed.1004310.g001
https://doi.org/10.1371/journal.pmed.1004310

PLOS MEDICINE

Sociodemographic association with multimorbidity progression: A multistate analysis

disease (COPD). Subsequently, we expanded the multistate transition network by incorporat-
ing COPD as the sixth condition, in addition to the 5 selected conditions. We also evaluated
the impact of condition definitions, which are relevant to CVD and MH conditions as they are
a composite of multiple subconditions. We considered the following 4 settings with modified
definitions of CVD or MH. For CVD, we considered narrower definitions based on (1) condi-
tions specifically affecting the brain, i.e., comprising only stroke or TIA codes; and (2) condi-
tions specifically affecting the heart, i.e., including only the IHD code. Similarly, for MH, we
considered narrower definitions based on (1) anxiety only or (2) depression only. To assess the
impact of changing the resolution of deprivation groups, we considered fitting each transition
using the original IMD deciles. Additionally, we examined the impact of data exclusion on the
inferences (here, we focused on missing ethnicity as it accounts for the vast majority of missing
data). We expanded our cohort to include participants with missing ethnicity information,
assigning them to an artificial ethnic group labelled “missing.” In each scenario considered
above, we refitted the model following the same procedure described above and examined the
estimated relationships between sociodemographic variables and disease transitions. Lastly, to
ensure our results are robust across different modelling approaches, we considered an alterna-
tive popular approach by specifying the MSM using transition-specific semiparametric Cox
models. HRs for each transition were estimated in a parallel fashion as above using the “sur-
vival” package [27] in R.

Results

Summary statistics

The cohort baseline characteristics are shown in Table 1. At study entry, 78.5%
(n=10,577,667) of the eligible participants had no diagnosis of any of the 5 conditions of inter-
est. By the end of the follow-up, 83.7% (n = 8,856,098) of these had not developed any of the 5
conditions, 13.8% (n = 1,462,966) had developed one, 2% (n = 209,237) had developed two,
0.4% (n = 42,504) had developed three, 0.06% (1 = 6,399) had developed four, and 0.0044%

(n = 463) had developed five of the conditions. During the study period, 5% of the study popu-
lation (n = 670,753) died. Detailed summary statistics for each comorbidity state in our MSM
are presented in Table A in S1 Text. A summary of the incidence rate for each disease transi-
tion in our MSM is provided in Table B in S1 Text. The incidence rates of transitions to the

Table 1. Baseline sociodemographic characteristics of study participants.

Cohort population 13,476,121
Sex (n (%)) Male 6,315,448 (46.9%)
Female 7,160,673 (53.1%)

Age at cohort entry (median [IQR])

35 [25, 51]

Ethnicity (n (%)) White 10,753,663 (79.8%)
South Asian 1,460,750 (10.8%)
Black 741,504 (5.5%)
Mixed 257,651 (1.9%)
Others 262,553 (1.9%)

Index of multiple deprivation (n (%))

1—Tleast deprived
2

2,384,659 (17.7%)
2,530,868 (18.8%)

3 2,620,501 (19.4%)
4 3,139,349 (23.3%)
5—most deprived 2,800,744 (20.8%)
Follow-up period (median (IQR)) 4.71[1.78,11.28]

https://doi.org/10.1371/journal.pmed.1004310.t001
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first morbidity were notably lower compared to the other transitions, and, generally, the inci-
dence rates for transitions increased with the number of comorbidities. It should be noted that
the relatively lower incidence rates for transitions from MH compared to other disease transi-
tions could be due to the fact that patients in the MH state were generally younger (this age
adjustment is incorporated into our MSM analysis).

Association between ethnicity and the rate of disease progression

There was no consistent association pattern between ethnicity and disease accumulation, and
this relationship was modified by comorbidity status (Fig 2 and Table C.1 in S1 Text). For
CVD diagnosis across different comorbidity groups (Fig 2A), HRs tended to be slightly higher
for South Asian but lower for Black compared to White. For T2D (Fig 2B), HRs for South
Asian, Black, and Other ethnicities were significantly greater than 1 for most comorbidity
groups when compared to White. This was especially pronounced for the South Asian group,
with HRs (95% CI; p-value) ranging from 1.20 ([0.83, 1.74]; p = 0.34) to 3.91 ([3.87, 3.95];

p < 0.001). Furthermore, these HRs generally decreased with an increasing number of preex-
isting conditions, as indicated by the fitted regression line from the meta-regression. In con-
trast, for CKD (Fig 2C), HF (Fig 2D), and MH (Fig 2E) conditions, there were minor
differences between the other ethnic groups and White across different transitions, with the
HRs mostly close to 1. For MH, HRs for Black compared to White were lower than 1 across
different comorbidity groups, with HRs ranging from 0.52 ([0.52, 0.53]; p < 0.001) to 0.92
([0.64, 1.33]; p = 0.66). As observed for T2D, the differences between Black and White ethnici-
ties tended to decrease as the number of comorbidities increased.

Association between deprivation and the rate of disease progression

Across all types of disease progression, HRs for the more deprived quintiles (second to fifth
IMD quintiles) compared to the least deprived quintile (first IMD quintile) were mostly
greater than 1 (Fig 3 and Table C.2 in S1 Text). As the level of deprivation increased, the HRs
typically increased, indicating a higher rate of disease transition. The magnitude of this associ-
ation was generally larger for transitions into T2D (Fig 3B) and HF (Fig 3D). For T2D, HRs
(95% CI; p-value) for the fifth IMD quintile ranged from 0.95 ([0.75, 1.21]; p = 0.69) to 2.03
([1.95, 2.12]; p < 0.001). For HF, the HRs for the fifth IMD quintile varied between 1.25 ([1.05,
1.48]; p = 0.01) to 1.65 ([1.48, 1.84]; p < 0.001). In contrast, the association was weaker for
CKD (Fig 3C), MH (Fig 3E), and CVD (Fig 3A). The fitted meta-regression line further sug-
gested that for CVD, T2D, and MH, the association between greater deprivation and rate of
disease accumulation tended to be attenuated with an increasing number of comorbidities.
However, this pattern was less evident for CKD and HF diagnosis.

Association between gender and the rate of disease progression

HRs for men, compared to women, were higher than 1 for diagnoses of CVD (Fig 4A), T2D
(Fig 4B), and HF (Fig 4D) across different comorbidity groups (see also Table C.3 in S1 Text).
Specifically, for CVD, HRs (95% CI; p-value) ranged between 1.19 ([1.07, 1.32]; p = 0.002) to
2.04 ([2.04, 2.05]; p < 0.001); for T2D, HRs were between 1.01 ([0.91, 1.11]; p = 0.88) and 1.59
([1.59, 1.59]; p < 0.001); and for HF, they ranged from 1.29 ([1.21, 1.38]; p < 0.001) to 1.89
([1.87,1.90]; p < 0.001). In contrast, the HRs for CKD (Fig 4C) and MH (Fig 4E) diagnoses
were lower than 1, with CKD HRs ranging from 0.77 ([0.69, 0.86]; p < 0.001) to 0.92 ([0.87,
0.97); p = 0.004) and MH HRs from 0.58 ([0.58, 0.59]; p < 0.001) to 0.79 ([0.65, 0.95]; p = 0.01).
The meta-regression analysis revealed that for CVD, T2D, and HF diagnoses, the HRs for men
exhibited a downward tendency towards the null as the number of comorbidities increased,
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Fig 2. Estimated association between ethnicity and the rate of next disease transition. Panels (a) to (e) show the
HRs for the association of non-White ethnic groups with the diagnosis of CVD, T2D, CKD, HF, and MH, respectively,
grouped by the number of existing conditions and comorbidity status. White ethnicity is treated as the reference
category. Estimated HRs are shown by black dots, with the associated 95% Cls represented by coloured bands. For
transitions into each condition, the superimposed dotted lines represent meta-regression fits based on the
corresponding HRs for each ethnicity category. Abbreviations: CI, confidence interval; CKD, chronic kidney disease;
CVD, cardiovascular disease; HF, heart failure; HR, hazard ratio; MH, mental health conditions; T2D, type 2 diabetes.

https://doi.org/10.1371/journal.pmed.1004310.9002

while for MH diagnosis, the initially lower HRs for men showed a slight upward adjustment
with an increasing number of comorbidities. However, for CKD diagnosis, there was little dif-
ference between men and women regardless of the number of preexisting conditions.

Association between age and the rate of disease progression

A 10-year increase in age was associated with an elevated rate of CVD (Fig 5A), CKD (Fig 5C), or
HEF (Fig 5D) diagnosis (see also Table C.4 in S1 Text). For CVD, HRs (95% CI; p-value) ranged
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Fig 3. Estimated association between deprivation and the rate of next disease transition. Panels (a) to (e) show the
HRs for the association of second to fifth IMD quintiles with the diagnosis of CVD, T2D, CKD, HF, and MH,
respectively, grouped by the number of existing conditions and comorbidity status. The first IMD quintile (the least
deprived group) is treated as the reference category. Estimated HRs are shown by black dots, with the associated 95%
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Multiple Deprivation; imd2-imd5, second—fifth IMD quintiles; MH, mental health conditions; T2D, type 2 diabetes.

https://doi.org/10.1371/journal.pmed.1004310.9003

from 0.97 ([0.89, 1.06]; p = 0.45) to 2.04 ([2.02, 2.06]; p < 0.001); for CKD, HRs were between
1.31 ([1.27, 1.36]; p < 0.001) and 2.48 ([2.46, 2.51]; p < 0.001); and for HF, they ranged from 1.17
([1.11, 1.24]; p < 0.001) to 2.39 ([2.34, 2.45]; p < 0.001). This increase was especially pronounced
for patients with a single preexisting condition, particularly MH, and tended to approach the null
as the number of comorbidities increased. Conversely, HRs for a 10-year age increase were lower
than 1 for MH (Fig 5E) diagnosis (HRs ranging from 0.75 ([0.74, 0.76]; p < 0.001) to 0.92 ([0.86,
0.98]; p = 0.02)), and for T2D (Fig 5B) diagnosis except for the transition from MH (HRs ranging
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Fig 4. Estimated association between gender and the rate of next disease transition. Panels (a) to (e) show the HRs
for the association of gender (male) with the diagnosis of CVD, T2D, CKD, HF, and MH, respectively, grouped by the
number of existing conditions and comorbidity status. The female gender is treated as the reference category.
Estimated HRs are shown by orange dots, with the associated 95% Cls represented by black bands. For transitions into
each condition, the superimposed dotted line represents meta-regression fit based on the corresponding HRs.
Abbreviations: CI, confidence interval; CKD, chronic kidney disease; CVD, cardiovascular disease; HF, heart failure;
HR, hazard ratio; MH, mental health conditions; T2D, type 2 diabetes.

https://doi.org/10.1371/journal.pmed.1004310.9004

from 0.74 ([0.71, 0.78]; p < 0.001) to 0.98 ([0.97, 0.99]; p = 0.001)). As comorbidities accumulated,
the initially lower HRs for age showed a slight upward tendency towards 1 for MH diagnosis,
while an opposite pattern was observed for transitions into T2D, where the HRs seemed to diverge
further from 1 as the number of conditions increased.

Mental health

Figs 2-5 (see also Table C in S1 Text) consistently show that the association between depriva-
tion, gender, and age and the progression to multimorbidity tends to be more pronounced (in
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Fig 5. Estimated association between age and the rate of next disease transition. Panels (a) to (e) show the HRs for
the association of age at entry to the current state (per 10 years) with the diagnosis of CVD, T2D, CKD, HF, and MH,
respectively, grouped by the number of existing conditions and comorbidity status. Estimated HRs are shown by
orange dots, with the associated 95% ClIs represented by black bands. For transitions into each condition, the
superimposed dotted line represents meta-regression fit based on the corresponding HRs. Abbreviations: CI,
confidence interval; CKD, chronic kidney disease; CVD, cardiovascular disease; HF, heart failure; HR, hazard ratio;
MH, mental health conditions; T2D, type 2 diabetes.

https://doi.org/10.1371/journal.pmed.1004310.g005

the direction of increasing the rate of transition) when transitions emerge from an MH condi-
tion compared to other comorbidity states. For age and deprivation (particularly age), this pat-
tern is observed for all transitions from MH. For instance, HRs (95% CI; p-value) for age were
2.04 ([2.02, 2.06]; p < 0.001), 2.48 ([2.46, 2.51]; p < 0.001) and 2.39 ([2.34, 2.45]; p < 0.001) for
transitions into CVD, CKD, and HF, respectively. For transitions into T2D, the association
with age becomes larger than 1 when the comorbidity status is MH, with an HR of 1.52 ([1.50,
1.53]; p < 0.001), whereas it is less than 1 otherwise. The adverse association of being male
(versus female) with transitions to CVD, T2D, or HF is amplified in cases involving a MH
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comorbidity, with HRs being 1.92 ([1.86, 1.97]; p < 0.001), 1.50 ([1.46, 1.54]; p < 0.001), and
1.82 ([1.70, 1.95]; p < 0.001), respectively. For ethnicity, this pattern is only seen for transitions
to T2D, where the HR for South Asian ethnicity (compared to White) for the transition from
MH is 2.97 ([2.86, 3.09]; p < 0.001).

Sensitivity analysis results

Fig Cin S1 Text shows the HRs for each sociodemographic characteristic, focusing on transi-
tions into CVD or MH based on the respective narrower definitions specified in the statistical
methods section. Modifying the conditions leads to some discrepancies in HRs, particularly
for CVD. For instance, the gender (male) association for CVD diagnosis was stronger when
focusing solely on IHD, while the age association was more pronounced for stroke/TTA.
Despite this, the key patterns from our main results persisted, such as the attenuation of the
HRs for deprivation, gender (male), and age with an increasing number of preexisting
conditions.

Results of the multistate analysis with COPD replacing HF are shown in Fig D in S1 Text.
Focusing on the disease transitions involving only CVD, T2D, CKD, and MH conditions, we
observed no noticeable differences from the results shown in Figs 2-5. Fig E in S1 Text shows
the results of the multistate analysis with COPD included as the sixth condition, focusing on
the same transition types as in Figs 2-5. We see that the HRs are robust to the addition of a
new condition in the transition network.

Fig F in S1 Text shows the HRs of IMD deciles, and a comparison with Fig 3 (HRs of IMD
quintiles) reveals very similar association patterns in more deprived groups. The larger Cls
with the former is a result of the smaller sample size per decile category. The associations
between ethnicity, age and gender, and disease progression remained essentially unaltered by
using IMD deciles instead of quintiles. In fact, there is statistical evidence supporting the use of
IMD quintiles rather than deciles, as the Akaike information criterion (AIC) favoured the for-
mer for the majority of the transitions.

Fig G in S1 Text shows the HR results for the MSM fitted with an expanded cohort that
includes those with missing ethnicity information (due to the computational time limitation of
the HPC, we were not able to obtain HRs for transitions from “None”). The key patterns
remained unchanged, and there were no substantial differences in the HRs when compared
with Figs 2-5 in the main paper. Fig H in S1 Text shows the HR results for the MSM applied to
our study cohort, specified based on semiparametric Cox models. These results are substan-
tively the same as those obtained under our spline-based parametric model (Figs 2-5).

Discussion

Main findings

In this study, we examined the associations between ethnicity, deprivation, gender, and age,
and the rate of progression of 5 major chronic conditions, namely, CVD, T2D, CKD, MH, and
HF, using a cohort of more than 13 million English adults. Our results revealed a complex
interplay between these key sociodemographic characteristics and the progression of chronic
diseases, with the strength and pattern of associations varying according to disease transition
types. Deprivation, gender, and age generally demonstrated stronger associations with the
diagnosis of a condition than ethnic group differences. For some conditions, the impact of eth-
nicity, deprivation, gender, and age on the rate of transition attenuated with an increasing
number of preexisting conditions. For example, the rate of developing T2D is much higher in
the most socially deprived groups and in those of South Asian and Black ethnicity compared
to the reference groups, but the difference becomes smaller for those with 4 chronic
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conditions. This pattern also applies to the diagnosis of CVD or T2D in men, and the diagnosis
of CVD, CKD, or HF at younger ages. In addition, the impact of deprivation, gender, and age
on the rate of diagnosis of CVD, T2D, CKD, or HF was typically more pronounced when tran-
sitioning from a single mental health condition compared to a single physical health condition
or other composite conditions. The robustness of our findings was confirmed through various
sensitivity analyses.

Contribution to the literature

Our findings align with and reinforce established epidemiological evidence. For instance, our
observation of a higher rate of progression to T2D in patients of South Asian and Black ethnic-
ities, compared with the White UK population [28]. Similarly, our findings regarding a higher
rate of CVD progression in South Asian ethnicity and a lower rate in the Black population
echo the patterns reported in the same study [28]. Our results show that higher levels of depri-
vation are generally associated with an elevated rate of disease progression across all conditions
and transitions. This is consistent with previous research findings, which showed that multi-
morbidity occurred 10 to 15 years earlier and physical-mental comorbidity was over twice as
prevalent in the most socioeconomically deprived areas of Scotland than in the least deprived
areas [18]. With regard to gender, our results align with previous studies, indicating men gen-
erally have an increased risk of progression to CVD, T2D, and HF but exhibit a lower risk of
MH problems and CKD [20]. Moreover, our study further corroborates well-established find-
ings that ageing is strongly associated with an increased rate of CVD, CKD, and HF [29].

Our multistate analysis offers novel insights by revealing a detailed association between
sociodemographic characteristics and disease progression (CVD, T2D, CKD, MH, and HF),
thereby underlining a complex dependency on the underlying comorbidity status prior to the
transition. In particular, we found that the association between these characteristics and dis-
ease transitions tended to be greater when the number of preexisting conditions was lower.
This implies that the impact of these characteristics may be larger during initial multimorbid-
ity development and decrease in later stages. This pattern was particularly noticeable for eth-
nicity (for transitions into T2D), deprivation (for transitions into CVD, T2D, and MH), age
(for transitions into CVD, CKD, MH, and HF), and gender (for transitions into CVD, T2D,
MH, and HF). With regard to ethnicity and deprivation, T2D stood out from the other 4 con-
ditions due to a stronger influence/attenuation of these factors by the number of preexisting
conditions on T2D diagnosis. A plausible explanation for this pattern could be that as patients
accumulate more conditions, the cumulative effect of these existing conditions may become
the predominant factor influencing further disease accumulation. Additionally, enhanced
health management and monitoring, which may include lifestyle modifications and medical
interventions/treatments, could counterbalance the impact of sociodemographic factors.

Another novel finding is that the adverse impact of sociodemographic factors such as depri-
vation, gender, and age on the rate of transitioning to the next condition (CVD, T2D, CKD, or
HF) tended to be more pronounced when transitioning from MH alone compared to other
single or composite conditions. This pattern may again be partly attributed to biological and
behavioural factors. Patients with MH as their starting condition tend to fall into the younger
age groups (see Table A in S1 Text) and mental ill health is associated with unhealthy lifestyle
habits such as smoking, alcohol, or substance abuse among others [30], which are known to be
important risk factors for cardiometabolic diseases and contribute to the worsening of multi-
morbidity [13,31]. On the other hand, this adverse influence of MH appears to diminish with
the presence of additional comorbidities, which could be due to similar reasons mentioned
earlier.
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Strengths and limitations

This study benefits from a large dataset from primary healthcare that is broadly representative
of the English population. The 5 chronic conditions considered in this study are included in
an incentive scheme for the management of chronic conditions, which means they are likely to
be more accurately coded [32]. We employed a flexible multistate model to comprehensively
examine the association between key sociodemographic characteristics and the rate of different
disease transitions during multimorbidity accumulation involving the 5 specified conditions.
The model achieved a good overall fit for the vast majority of the transitions, demonstrating
the utility and computational feasibility of the approach. To our knowledge, this is the largest
cohort and the highest number of chronic conditions and disease transitions analysed using a
flexible multistate modelling framework.

While our primary analysis centres on 5 specific conditions, our modelling and estimation
approach can be adapted to accommodate different or additional conditions. The complexity of
the corresponding MSM (under the same assumptions on the permitted direct transitions as
described in the Methods section) grows exponentially with N, the total number of conditions
under consideration. However, this rise in complexity does not imply a proportional increase in
computational costs. By leveraging a valid parallel computing strategy, we estimated each transi-
tion independently and observed that for the same dataset, including more conditions typically
leads to fewer observed events per transition (due to the increase in competing events for each
transition). In our sensitivity analysis, we were able to fit an MSM that included a sixth condi-
tion, COPD, within our computational budget, and, importantly, the results of interest
remained robust with the inclusion of COPD. We anticipate similar outcomes with the inclu-
sion of other conditions. Nevertheless, depending on the scope of transitions of interest, a more
complex MSM could pose challenges in summarising, presenting, and interpreting results. On
the other hand, our sensitivity analysis indicates that the estimated MSM could be influenced to
some extent by modifications to the condition definition. This is expected, given that we define
the diagnosis time of a composite condition (such as CVD and MH) as the first occurrence of
any associated subconditions. Therefore, any change in the set of subconditions could have a
direct and complex impact on a patient’s event history data. In our sensitivity analysis, we
observed greater differences in results when changing the definition of CVD compared to MH.
This is partly due to the smaller overlap between CVD subtypes (stroke/TIA and IHD) as
opposed to MH subtypes (anxiety and depression). In addition, we observed a closer alignment
of results from the main analysis when using CVD (IHD only) or MH (depression only) defini-
tions. This is because in our dataset, the presence of IHD and depression contributed to a larger
proportion of the diagnosis of CVD and MH (using our original definitions), respectively, com-
pared to the alternative definitions. While there are no universally accepted definitions for com-
plex chronic conditions like CVD or MH, we believe that their determination should be
considered in the context of the research question of interest and the data available.

It should be pointed out, however, that potential diagnostic inaccuracies in primary care
records, such as underdiagnosis, overdiagnosis, or ascertainment bias of chronic conditions,
could influence our results. For instance, diseases like CKD and T2D are often asymptomatic
in the early stages, and diagnosis may occur during routine health check/screening or follow-
ing the diagnosis of a related condition [33,34]. It is noted that the uptake of such checkups is
generally less than 50%, with gender and ethnic disparities in the presentation to healthcare—
specifically, lower uptake among men and some ethnic groups [35,36]. For instance, for CKD,
renal function testing is less common in minority ethnic groups [37], and for MH, certain
groups (for instance, those in the Black or South Asian ethnic groups) are less likely to present
to the GP even when symptoms have developed [38]. The influence of these potential
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inaccuracies might be more pronounced during the early phases of multimorbidity, as partici-
pants with existing health conditions could be more likely to be invited for (and perhaps more
inclined to undergo) further monitoring and screening for other health conditions. We note
that for MH in particular, studies have reported significant challenges with both under- and
overreporting of depression and anxiety in primary care records. Other studies have used algo-
rithms involving prescription data, symptom, and diagnosis clinical codes to improve case
detection of MH conditions [18,39,40], whereas we only used diagnosis codes. A preprint
study using the same coding strategy in this same database has compared the prevalence of
depression in the CPRD Aurum database with the prevalence reported in a representative sam-
ple of the English population in the Adult Psychiatric Morbidity Survey (APMS) [20,41]. Prev-
alence of depression in >16 year olds in CPRD Aurum was similar (19.5%; 95% CI: 19.5 to
19.5) to the doctor diagnosed depression prevalence in APMS (20.9%; 95% CI: 20.0 to 21.8)
but lower than the prevalence of symptoms of depression (27.8%; 95% CI: 26.9 to 28.8). On the
other hand, we acknowledge that participants who are less likely to present to primary care or
receive diagnostic labels, such as socially deprived younger males, may have absent MH data.
This could lead to an underrepresentation of participants from deprived communities. If any-
thing, this may suggest that our findings—such as the association between deprivation and the
rate of transition to the next condition is typically more pronounced when transitioning from
a mental health condition—may actually be understated.

There are some other limitations with this study. For instance, the ethnicity categories used
in this study crudely group together communities with diverse cultural practices and sociode-
mographic characteristics, which may mask differences in outcomes within each category.
Note also that time-varying factors associated with the disease progression, such as treatment
information, lifestyle modifications, and change in deprivation status, are not available from
the present dataset, and, thus, they were not taken into account in the present analysis. Finally,
despite our large cohort, which provides a reasonable amount of data for estimating each tran-
sition, we observe a substantial decrease in the number of transitions as more conditions accu-
mulate. This pattern is reflected in the widening confidence interval bands in Figs 2-5 and is
particularly noticeable with categorical variables like ethnicity, where an imbalance between
groups exists. Consequently, this adds some level of uncertainty to our interpretations. For
multimorbidity studies using a multistate model like ours, longer follow-up periods and/or
larger datasets would always be desirable.

Implications for policy and practice

The higher rates of development of the first chronic conditions in a number of identifiably dis-
advantaged population groups has 2 implications. First, it suggests that the factors contributing
towards differences in the development of chronic conditions precede engagement with health
services. This points towards wider determinants of health, particularly in relation to T2D and
CVD. A better understanding of the differential impacts of socioeconomic factors on the
development of chronic conditions would be valuable. Second, it implies that the greatest
potential to reduce inequalities in multimorbidity between more and less socially deprived
groups and between those of White and South Asian or Black ethnicities is early in the disease
trajectory. Prevention of CVD and T2D might be an appropriate focus. Initiatives such as the
Marmot cities are consistent with both these implications [42]. Evaluation of interventions to
prevent the development of the first and second chronic conditions would be valuable. As mul-
timorbidity, in particular mixed physical and mental health conditions, increases the use of
secondary care services, an understanding of the economic effects of multimorbidity could
help identify prevention priorities [42-44].

PLOS Medicine | https://doi.org/10.1371/journal.pmed.1004310 November 3, 2023 17/21


https://doi.org/10.1371/journal.pmed.1004310

PLOS MEDICINE

Sociodemographic association with multimorbidity progression: A multistate analysis

Future directions

Clinical research implications of this analysis are to investigate and better understand the biop-
sychosocial factors driving the progression to multimorbidity. The greatest differences in tran-
sition rates to multimorbidity between different groups are in the development of the first few
conditions, which suggests that the early stages of multimorbidity development could be par-
ticularly important and require increased attention.

Future work could apply this method to analysing the trajectories of different clusters of
diseases. These might include other common conditions such as cancer, asthma, and hyper-
tension or rarer, less explored conditions. It could also investigate groups of potentially related
conditions such as MH problems, autoimmune conditions, or medically unexplained symp-
toms. This would help broaden the scope of multimorbidity research. From a methodological
perspective, the MSM framework we utilised can be extended to address additional questions
pertinent to longitudinal multimorbidity research. Ongoing work is developing a scalable and
flexible joint modelling framework for both the longitudinal and multistate processes [45].
This will facilitate the investigation of associations between concurrently measured longitudi-
nal covariates (such as biomarkers) and the progression of multimorbidity. Another direction
involves the integration of modern deep learning techniques into MSM to enhance its flexibil-
ity and predictive accuracy for microsimulation. This approach will enable the generation and
analysis of longitudinal multimorbidity trajectories at both individual and population levels.

Conclusions

Multimorbidity is a growing public health challenge, and there is a need to shift from a single
disease-oriented approach to a more individualised and holistic strategy. In this study, we
examined the association between key sociodemographic characteristics and the progression
of multimorbidity involving 5 common chronic conditions, namely, CVD, T2D, CKD, HF,
and MH. Our findings reveal distinctive association patterns across different disease transi-
tions. Notably, the impact of sociodemographic factors tends to attenuate with an increasing
number of preexisting conditions, with patterns varying depending on the specific diagnosed
condition. Mental health, as a comorbidity, showed unique patterns, with the impact of depri-
vation, gender, and age typically more pronounced when transitioning from an MH condition.
These findings underscore the potential importance of earlier detection and intervention of
chronic diseases, especially MH conditions, and particularly for those in the higher-risk popu-
lations. These insights may have important implications for improved patient care, socioeco-
nomic considerations, and healthcare strategies.

Supporting information

S1 Text. Supporting information for the main manuscript. Fig A. Flowchart for sample
selection. Text A. The multistate modelling approach. Text B. Model checking. Text C. Meta-
regression. Table A. Summary of disease states by sociodemographic characteristics. Table B.
Summary of disease transitions. Table C. Estimated hazard ratios, 95% confidence intervals,
and p-values from the main multistate analysis. Fig B. Plots of the estimated cumulative hazard
of the Cox—Snell residuals. Fig C. Estimated association between each sociodemographic char-
acteristic and the rate of CVD or MH diagnosis based on their respective narrower definitions.
Fig D. Results of the multistate analysis obtained with COPD replacing HF. Fig E. Results of
the multistate analysis with COPD included as the sixth condition. Fig F. Estimated association
between deprivation (IMD deciles) and the rate of disease transition by number of existing
conditions and comorbidity status. Fig G. Results of the multistate analysis obtained based on
the expanded cohort including patients with missing ethnicity information. Fig H. Results of

PLOS Medicine | https://doi.org/10.1371/journal.pmed.1004310 November 3, 2023 18/21


http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1004310.s001
https://doi.org/10.1371/journal.pmed.1004310

PLOS MEDICINE

Sociodemographic association with multimorbidity progression: A multistate analysis

the multistate analysis with transitions specified via semiparametric Cox models. COPD,
chronic obstructive pulmonary disease; CVD, cardiovascular disease; HF, heart failure; IMD,
the English Index of Multiple Deprivation; MH, mental health conditions.

(DOCX)

S1 Code Lists. Code lists for ethnicity and the conditions considered in our study.
(Z1P)

Acknowledgments

This work used data from the Clinical Practice Research Datalink (CPRD) for ISAC protocol
19_265.

The data were provided by patients and collected by the NHS as part of their care and
support.

For the purpose of open access, the author has applied a Creative Commons Attribution
(CC BY) licence to any Author Accepted Manuscript version arising from this submission.

Author Contributions

Conceptualization: Sida Chen, Tom Marshall, Francesca Crowe, Krish Nirantharakumar,
Duncan Edwards, Jessica K. Barrett.

Data curation: Catherine L. Saunders.
Formal analysis: Sida Chen.

Funding acquisition: Tom Marshall, Francesca Crowe, Krish Nirantharakumar, Paul Kirk,
Sylvia Richardson, Duncan Edwards, Simon Griffin, Christopher Yau, Jessica K. Barrett.

Methodology: Sida Chen, Tom Marshall, Christopher Jackson, Jessica K. Barrett.
Project administration: Francesca Crowe.

Software: Sida Chen.

Supervision: Jessica K. Barrett.

Validation: Sida Chen.

Visualization: Sida Chen.

Writing - original draft: Sida Chen, Tom Marshall, Jennifer Cooper.

Writing - review & editing: Sida Chen, Tom Marshall, Christopher Jackson, Jennifer Cooper,
Francesca Crowe, Krish Nirantharakumar, Catherine L. Saunders, Paul Kirk, Sylvia Rich-
ardson, Duncan Edwards, Simon Griffin, Christopher Yau, Jessica K. Barrett.

References
1. vanden Akker M, Buntinx F, Knottnerus JA. Comorbidity or multimorbidity. Eur J Gen Pract. 1996;
2:65-70.

2. Wallace E, Salisbury C, Guthrie B, Lewis C, Fahey T, Smith SM. Managing patients with multimorbidity
in primary care. BMJ. 2015; 350:h176. https://doi.org/10.1136/bmj.h176 PMID: 25646760

3. NunesBP, Flores TR, Mielke Gl, Thumé E, Facchini LA. Multimorbidity and mortality in older adults: A
systematic review and meta-analysis. Arch Gerontol Geriatr. 2016; 67:130—-138. https://doi.org/10.
1016/j.archger.2016.07.008 PMID: 27500661

4. 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. Br J Gen Pract. 2021; 71:e39—
€46. https://doi.org/10.3399/bjgp20X713897 PMID: 33257463

PLOS Medicine | https://doi.org/10.1371/journal.pmed.1004310 November 3, 2023 19/21


http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1004310.s002
https://doi.org/10.1136/bmj.h176
http://www.ncbi.nlm.nih.gov/pubmed/25646760
https://doi.org/10.1016/j.archger.2016.07.008
https://doi.org/10.1016/j.archger.2016.07.008
http://www.ncbi.nlm.nih.gov/pubmed/27500661
https://doi.org/10.3399/bjgp20X713897
http://www.ncbi.nlm.nih.gov/pubmed/33257463
https://doi.org/10.1371/journal.pmed.1004310

PLOS MEDICINE

Sociodemographic association with multimorbidity progression: A multistate analysis

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

Busija L, Lim K, Szoeke C, Sanders KM, McCabe MP. Do replicable profiles of multimorbidity exist?
Systematic review and synthesis. Eur J Epidemiol. 2019; 34:1025-1053. https://doi.org/10.1007/
$10654-019-00568-5 PMID: 31624969

ZhuY, 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; 18:78. https://doi.org/10.
1186/s12916-020-01543-8 PMID: 32272927

Bisquera A, Gulliford M, Dodhia H, Ledwaba-Chapman L, Durbaba S, Soley-Bori M, et al. Identifying
longitudinal clusters of multimorbidity in an urban setting: A population-based cross-sectional study.
Lancet Reg Health Eur. 2021; 3:100047. https://doi.org/10.1016/j.lanepe.2021.100047 PMID:
34557797

MacRae C, McMinn M, Mercer SW, Henderson D, McAllister DA, Ho |, et al. The impact of varying the
number and selection of conditions on estimated multimorbidity prevalence: A cross-sectional study
using a large, primary care population dataset. PLoS Med. 2023; 20:e1004208. https://doi.org/10.1371/
journal.pmed.1004208 PMID: 37014910

Cezard G, McHale CT, Sullivan F, Bowles JKF, Keenan K. Studying trajectories of multimorbidity: a sys-
tematic scoping review of longitudinal approaches and evidence. BMJ Open. 2021; 11:6048485. https://
doi.org/10.1136/bmjopen-2020-048485 PMID: 34810182

Ashworth M, Durbaba S, Whitney D, Crompton J, Wright M, Dodhia H. Journey to multimorbidity: longi-
tudinal analysis exploring cardiovascular risk factors and sociodemographic determinants in an urban
setting. BMJ Open. 2019; 9:e031649. https://doi.org/10.1136/bmjopen-2019-031649 PMID: 31874873

Siriwardhana C, Lim E, Davis J, Chen JJ. Progression of diabetes, ischemic heart disease, and chronic
kidney disease in a three chronic conditions multistate model. BMC Public Health. 2018; 18:1-14.

Chan MS, van den Hout A, Pujades-Rodriguez M, Jones MM, Matthews FE, Jagger C, et al. Socio-eco-
nomic inequalities in life expectancy of older adults with and without multimorbidity: a record linkage
study of 1.1 million people in England. Int J Epidemiol. 2019; 48:1340—-1351. https://doi.org/10.1093/ije/
dyz052 PMID: 30945728

Freisling H, Viallon V, Lennon H, Bagnardi V, Ricci C, Butterworth AS, et al. Lifestyle factors and risk of
multimorbidity of cancer and cardiometabolic diseases: a multinational cohort study. BMC Med. 2020;
18:1-11.

Bisquera A, Turner EB, Ledwaba-Chapman L, Dunbar-Rees R, Hafezparast N, Gulliford M, et al.
Inequalities in developing multimorbidity over time: A population-based cohort study from an urban,
multi-ethnic borough in the United Kingdom. Lancet Reg Health Eur. 2022; 12:100247. https://doi.org/
10.1016/j.lanepe.2021.100247 PMID: 34901910

HanY,HuY, YuC, GuoY, Pei P, Yang L, et al. Lifestyle, cardiometabolic disease, and multimorbidity in
a prospective Chinese study. Eur Heart J. 2021; 42:3374-3384. https://doi.org/10.1093/eurheartj/
ehab413 PMID: 34333624

Singh-Manoux A, Fayosse A, Sabia S, Tabak A, Shipley M, Dugravot A, et al. Clinical, socioeconomic,
and behavioural factors at age 50 years and risk of cardiometabolic multimorbidity and mortality: A
cohort study. PLoS Med. 2018; 15:e1002571. https://doi.org/10.1371/journal.pmed.1002571 PMID:
29782486

Owen R, Lyons J, Akbari A, Guthrie B, Agrawal U, Alexander D, et al. Temporal sequencing in multimor-
bidity using population-scale linked data for 1.7 million individuals with 20-year follow-up. Res Sq. 2022.
https://doi.org/10.21203/rs.3.rs-1537576/v1

Barnett K, Mercer SW, Norbury M, Watt G, Wyke S, Guthrie B. Epidemiology of multimorbidity and
implications for health care, research, and medical education: a cross-sectional study. Lancet. 2012;
380:37—-43. https://doi.org/10.1016/S0140-6736(12)60240-2 PMID: 22579043

Wolf A, Dedman D, Campbell J, Booth H, Lunn D, Chapman J, et al. Data resource profile: Clinical Prac-
tice Research Datalink (CPRD) Aurum. Int J Epidemiol. 2019; 48:1740—-1740g. https://doi.org/10.1093/
ije/dyz034 PMID: 30859197

McManus S, Bebbington P, Jenkins R, Brugha T. Mental Health and Wellbeing in England: the Adult
Psychiatric Morbidity Survey 2014. McManus S, Bebbington P, Jenkins R, Brugha T, editors. 2016
[cited 2023 Jun 18]. Available from: https://openaccess.city.ac.uk/id/eprint/23646/.

List of ethnic groups. [cited 2023 Feb 21]. Available from: https://www.ethnicity-facts-figures.service.
gov.uk/style-guide/ethnic-groups.

Ministry of Housing, Communities, Local Government. English indices of deprivation 2019. GOV.UK;
2019. Available from: https://www.gov.uk/government/statistics/english-indices-of-deprivation-2019.

Crowther MJ, Lambert PC. Parametric multistate survival models: Flexible modelling allowing transi-
tion-specific distributions with application to estimating clinically useful measures of effect differences.
Stat Med. 2017; 36:4719-4742. https://doi.org/10.1002/sim.7448 PMID: 28872690

PLOS Medicine | https://doi.org/10.1371/journal.pmed.1004310 November 3, 2023 20/21


https://doi.org/10.1007/s10654-019-00568-5
https://doi.org/10.1007/s10654-019-00568-5
http://www.ncbi.nlm.nih.gov/pubmed/31624969
https://doi.org/10.1186/s12916-020-01543-8
https://doi.org/10.1186/s12916-020-01543-8
http://www.ncbi.nlm.nih.gov/pubmed/32272927
https://doi.org/10.1016/j.lanepe.2021.100047
http://www.ncbi.nlm.nih.gov/pubmed/34557797
https://doi.org/10.1371/journal.pmed.1004208
https://doi.org/10.1371/journal.pmed.1004208
http://www.ncbi.nlm.nih.gov/pubmed/37014910
https://doi.org/10.1136/bmjopen-2020-048485
https://doi.org/10.1136/bmjopen-2020-048485
http://www.ncbi.nlm.nih.gov/pubmed/34810182
https://doi.org/10.1136/bmjopen-2019-031649
http://www.ncbi.nlm.nih.gov/pubmed/31874873
https://doi.org/10.1093/ije/dyz052
https://doi.org/10.1093/ije/dyz052
http://www.ncbi.nlm.nih.gov/pubmed/30945728
https://doi.org/10.1016/j.lanepe.2021.100247
https://doi.org/10.1016/j.lanepe.2021.100247
http://www.ncbi.nlm.nih.gov/pubmed/34901910
https://doi.org/10.1093/eurheartj/ehab413
https://doi.org/10.1093/eurheartj/ehab413
http://www.ncbi.nlm.nih.gov/pubmed/34333624
https://doi.org/10.1371/journal.pmed.1002571
http://www.ncbi.nlm.nih.gov/pubmed/29782486
https://doi.org/10.21203/rs.3.rs-1537576/v1
https://doi.org/10.1016/S0140-6736%2812%2960240-2
http://www.ncbi.nlm.nih.gov/pubmed/22579043
https://doi.org/10.1093/ije/dyz034
https://doi.org/10.1093/ije/dyz034
http://www.ncbi.nlm.nih.gov/pubmed/30859197
https://openaccess.city.ac.uk/id/eprint/23646/
https://www.ethnicity-facts-figures.service.gov.uk/style-guide/ethnic-groups
https://www.ethnicity-facts-figures.service.gov.uk/style-guide/ethnic-groups
https://www.gov.uk/government/statistics/english-indices-of-deprivation-2019
https://doi.org/10.1002/sim.7448
http://www.ncbi.nlm.nih.gov/pubmed/28872690
https://doi.org/10.1371/journal.pmed.1004310

PLOS MEDICINE

Sociodemographic association with multimorbidity progression: A multistate analysis

24,

25.

26.
27.
28.

29.

30.

31.

32.
33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

45.

Royston P, Parmar MKB. Flexible parametric proportional-hazards and proportional-odds models for
censored survival data, with application to prognostic modelling and estimation of treatment effects.
Stat Med. 2002; 21:2175-2197. https://doi.org/10.1002/sim.1203 PMID: 12210632

Jackson CH. flexsurv: A Platform for Parametric Survival Modeling in R. J Stat Softw. 2016:70. https://
doi.org/10.18637/jss.v070.i108 PMID: 29593450

Viechtbauer W. Conducting Meta-Analyses inRwith themetaforPackage. J Stat Softw. 2010; 36:1-48.
Therneau TM, Lumley T. Package “survival.” R Top Doc. 2015; 128: 28-33.

Tillin T, Hughes AD, Mayet J, Whincup P, Sattar N, Forouhi NG, et al. The relationship between meta-
bolic risk factors and incident cardiovascular disease in Europeans, South Asians, and African Carib-
beans: SABRE (Southall and Brent Revisited)—a prospective population-based study. J Am Coll
Cardiol. 2013; 61: 1777—1786. https://doi.org/10.1016/j.jacc.2012.12.046 PMID: 23500273

Vos T, Lim SS, Abbafati C, Abbas KM, Abbasi M, Abbasifard M, et al. Global burden of 369 diseases
and injuries in 204 countries and territories, 1990-2019: a systematic analysis for the Global Burden of
Disease Study 2019. Lancet. 2020; 396:1204—1222. https://doi.org/10.1016/S0140-6736(20)30925-9
PMID: 33069326

Jha MK, Qamar A, Vaduganathan M, Charney DS, Murrough JW. Screening and Management of
Depression in Patients With Cardiovascular Disease: JACC State-of-the-Art Review. J Am Coll Cardiol.
2019; 73:1827—-1845.

Bonnet F, Irving K, Terra J-L, Nony P, Berthezéne F, Moulin P. Anxiety and depression are associated
with unhealthy lifestyle in patients at risk of cardiovascular disease. Atherosclerosis. 2005; 178:339—
344. https://doi.org/10.1016/j.atherosclerosis.2004.08.035 PMID: 15694943

QOF 2021-22. [cited 2022 Nov 4]. Available from: https://qof.digital.nhs.uk/.

Pal K, Horsfall L, Sharma M, Nazareth |, Petersen I. Time trends in the incidence of clinically diagnosed
type 2 diabetes and pre-diabetes in the UK 2009—2018: a retrospective cohort study. BMJ Open Diabe-
tes Res Care. 2021; 9:e001989. https://doi.org/10.1136/bmjdrc-2020-001989 PMID: 33741554

Hirst JA, Hill N, O’Callaghan CA, Lasserson D, McManus RJ, Ogburn E, et al. Prevalence of chronic kid-
ney disease in the community using data from OxRen: a UK population-based cohort study. Br J Gen
Pract. 2020; 70:e285-e293. https://doi.org/10.3399/bjgp20X708245 PMID: 32041766

Robson J, Garriga C, Coupland C, Hippisley-Cox J. NHS Health Checks: an observational study of
equity and outcomes 2009-2017. Br J Gen Pract. 2021; 71:€701-e710. https://doi.org/10.3399/BJGP.
2020.1021 PMID: 33587723

Vaidya V, Partha G, Karmakar M. Gender differences in utilization of preventive care services in the
United States. J Womens Health. 2012; 21: 140—-145. https://doi.org/10.1089/jwh.2011.2876 PMID:
22081983

Feakins B, Oke J, McFadden E, Aronson J, Lasserson D, O’Callaghan C, et al. Trends in kidney func-
tion testing in UK primary care since the introduction of the quality and outcomes framework: a retro-
spective cohort study using CPRD. BMJ Open. 2019; 9:e028062. https://doi.org/10.1136/bmjopen-
2018-028062 PMID: 31196901

Weich S, Nazroo J, Sproston K, McManus S, Blanchard M, Erens B, et al. Common mental disorders
and ethnicity in England: the EMPIRIC study. Psychol Med. 2004; 34:1543—-1551. https://doi.org/10.
1017/s0033291704002715 PMID: 15724884

Mitchell AJ, Vaze A, Rao S. Clinical diagnosis of depression in primary care: a meta-analysis. Lancet.
2009; 374:609-619. https://doi.org/10.1016/S0140-6736(09)60879-5 PMID: 19640579

John A, McGregor J, Fone D, Dunstan F, Cornish R, Lyons RA, et al. Case-finding for common mental dis-
orders of anxiety and depression in primary care: an external validation of routinely collected data. BMC
Med Inform Decis Mak. 2016; 16:35. https://doi.org/10.1186/s12911-016-0274-7 PMID: 26979325

Cooper J, Nirantharakumar K, Crowe F, Azcoaga-Lorenzo A, McCowan C, Jackson T, et al. Prevalence
and demographic variation of cardiovascular, renal, metabolic, and mental health conditions in 12 mil-
lion English primary care records. 2023. Available from: https://www.researchsquare.com/article/rs-
2572787/latest.

Marmot M. Building back fairer in Greater Manchester and the country. R Soc Open Sci. 2021;
8:211454. https://doi.org/10.1098/rsos.211454 PMID: 34729212

Ishida M. The Joint Effect of Physical Multimorbidity and Mental Health Conditions Among Adults in
Australia. Prev Chronic Dis. 2020:17. https://doi.org/10.5888/pcd17.200155 PMID: 33301391

Payne RA, Abel GA, Guthrie B, Mercer SW. The effect of physical multimorbidity, mental health condi-
tions and socioeconomic deprivation on unplanned admissions to hospital: a retrospective cohort study.
CMAJ. 2013; 185:E221-E228. https://doi.org/10.1503/cmaj.121349 PMID: 23422444

Rizopoulos D. Joint Models for Longitudinal and Time-to-Event Data: With Applications in R. CRC
Press; 2012.

PLOS Medicine | https://doi.org/10.1371/journal.pmed.1004310 November 3, 2023 21/21


https://doi.org/10.1002/sim.1203
http://www.ncbi.nlm.nih.gov/pubmed/12210632
https://doi.org/10.18637/jss.v070.i08
https://doi.org/10.18637/jss.v070.i08
http://www.ncbi.nlm.nih.gov/pubmed/29593450
https://doi.org/10.1016/j.jacc.2012.12.046
http://www.ncbi.nlm.nih.gov/pubmed/23500273
https://doi.org/10.1016/S0140-6736%2820%2930925-9
http://www.ncbi.nlm.nih.gov/pubmed/33069326
https://doi.org/10.1016/j.atherosclerosis.2004.08.035
http://www.ncbi.nlm.nih.gov/pubmed/15694943
https://qof.digital.nhs.uk/
https://doi.org/10.1136/bmjdrc-2020-001989
http://www.ncbi.nlm.nih.gov/pubmed/33741554
https://doi.org/10.3399/bjgp20X708245
http://www.ncbi.nlm.nih.gov/pubmed/32041766
https://doi.org/10.3399/BJGP.2020.1021
https://doi.org/10.3399/BJGP.2020.1021
http://www.ncbi.nlm.nih.gov/pubmed/33587723
https://doi.org/10.1089/jwh.2011.2876
http://www.ncbi.nlm.nih.gov/pubmed/22081983
https://doi.org/10.1136/bmjopen-2018-028062
https://doi.org/10.1136/bmjopen-2018-028062
http://www.ncbi.nlm.nih.gov/pubmed/31196901
https://doi.org/10.1017/s0033291704002715
https://doi.org/10.1017/s0033291704002715
http://www.ncbi.nlm.nih.gov/pubmed/15724884
https://doi.org/10.1016/S0140-6736%2809%2960879-5
http://www.ncbi.nlm.nih.gov/pubmed/19640579
https://doi.org/10.1186/s12911-016-0274-7
http://www.ncbi.nlm.nih.gov/pubmed/26979325
https://www.researchsquare.com/article/rs-2572787/latest
https://www.researchsquare.com/article/rs-2572787/latest
https://doi.org/10.1098/rsos.211454
http://www.ncbi.nlm.nih.gov/pubmed/34729212
https://doi.org/10.5888/pcd17.200155
http://www.ncbi.nlm.nih.gov/pubmed/33301391
https://doi.org/10.1503/cmaj.121349
http://www.ncbi.nlm.nih.gov/pubmed/23422444
https://doi.org/10.1371/journal.pmed.1004310

