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Abstract

Background The prevalence of multimorbidity is increasing in aging populations globally. Multimorbidity involves
various noncommunicable disease (NCD) combinations that extend beyond individual conditions. Identifying how
multimorbidity patterns (MPs) configure is crucial for understanding the role of NCD patterns in health prognosis.

Methods This study identified MPs and examined their associations with sociodemographic and economic factors in
23,452 participants aged > 60 years from the Lifelines cohort in northern Netherlands (baseline: 2007-2013; follow-up:
2011-2019). Complete data on 14 NCDs at two time points were analyzed, with multimorbidity defined as > 2 NCDs.
Latent class and factor analyses identified clusters of NCDs, stratified into MPs based on multimorbidity presence.
Multinomial logistic regression assessed the relationships between MPs and sociodemographic and economic traits.

Results Multimorbidity prevalence was 55% at baseline. Five MPs, consistent across assessments, were identified. The
"Vascular'MP included the fewest NCDs (2—-4), while the 'Complex-Treatment Spectrum’had the most (5-11). Adjusted
analyses revealed that lower education, not having a partner, and lower income significantly increased the relative-
risk of belonging to high-risk MPs, such as ‘Metabolic Risk,’Major CVD-Vascular Conditions, and ‘Complex-Treatment
Spectrum, compared to participants without multimorbidity. These MPs reflect profiles with distinct risk factors and
prognoses.

Conclusions Multimorbidity manifests as stable patterns in this population. MPs derived from latent class analysis
were more interpretable and consistent over time compared to correlation-based approaches. Income disparities
influence MP profiles, highlighting the need for tailored interventions. Longitudinal studies are recommended to
explore NCD contributions to MP dynamics and inform strategies addressing health and social inequities.
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Introduction

Chronic diseases, also known as non-communicable dis-
eases (NCDs) [1], are leading contributors to global mor-
tality and disability rates in adults over 50 years of age [2].
These conditions are complex and long-lasting, necessi-
tating systematic and long-term treatment approaches.
Sociodemographic and economic characteristics are pop-
ulation-specific factors that influence NCD pathogenesis
and their aggregation over time [3]. Typically, NCDs take
decades to become fully established in a population [4],
posing significant burdens on governments, healthcare
systems, and individuals [5].

Combined with factors such as lifestyle risk behav-
iors, genetics, and ageing [6, 7], physiological resilience
and bodily system responses decline, making older peo-
ple especially vulnerable to NCDs [8]. Since 1990, there
have been increases in Disability-Adjusted Life Years
(DALYs) for adults over 50, with ischemic heart disease,
stroke, diabetes, and chronic obstructive pulmonary dis-
ease (COPD) seeing increases of 46.1%, 31.5%, 156.1%,
and 12%, respectively. Older adults aged 75 and above
show even greater increases, with percentage changes of
66.6%, 60.5%, 190.7%, and 63.6% for the same conditions
[2]. Continuous improvements in NCD treatment ensure
longer life and improved quality of life [9]. Consequently,
chronic diseases accumulate with age, leading to multi-
morbidity [10].

Multimorbidity is typically defined as the presence of
two or more NCDs in an individual [10], affecting around
one-third of the global population [11], with 51.0% being
older adults aged 60 and above [12]. However, merely
accumulating chronic conditions does not capture the
full phenomenon of multimorbidity, as the combination
of diseases varies among individuals. Older adults rarely
present with only one chronic condition [13]. The rela-
tionship among chronic disease accumulation, declining
physiological homeostasis, and impaired stress responses
suggests distinct patterns of NCDs underlying multimor-
bidity, influencing health outcomes at different rates [14].
Additionally, older adults experience progressive deterio-
ration in neurological, physiological, and physical func-
tions at varying paces, making individuals older than 60
particularly suitable for examining potential groupings of
NCDs within multimorbidity [15].

Exploring potential multimorbidity patterns of NCDs is
crucial, yet despite several attempts to uncover non-ran-
dom clustering patterns of multiple diseases, no consen-
sus has been established in the scientific community [16].
Previous research has shown that different patterns of
NCDs can be identified using statistical techniques, and
mortality risk varies depending on the NCD patterns are
configured [17]. Other outcomes, such as frailty, are also
influenced by NCD multimorbidity patterns [18]. To date,
there is no consensus on the best algorithm to simplify
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and to capture the most variability of NCD combinations
in multimorbid individuals [19]. To explore potential
underlying groups of multimorbidity, techniques such as
clustering, dimensionality reduction, or latent subgroup
analysis can be useful [20, 21]. However, the range of
parameters and considerations used to build these mod-
els is broad, underscoring the need to standardize pro-
cedures. First, it is essential to determine which method
best fits specific circumstances, and second, to configure
the parameters so that the results are comparable with
those of other researchers and populations, particularly
for epidemiological and clinical purposes [16, 20]. Fac-
tor Analysis (FA) and Latent Class Analysis (LCA) have
emerged as promising statistical procedures for explor-
ing NCD aggregation patterns in populations. Both tech-
niques are suitable for exploring latent subgroups and
share similar statistical principles, making them apt for
identifying MPs.

The aim of this study was to identify different MPs by
comparing solutions from FA and LCA and to examine
their associations with sociodemographic and economic
traits in older adults from the Northern Netherlands. To
achieve this, MPs were first determined using both statis-
tical techniques and compared them to assess the extent
to which FA and LCA yield comparable results. Second,
patterns were explored to evaluate if they exceed the
simple addition of conditions by analyzing the distribu-
tions of NCD accumulation within the MPs. Third, the
relationship between MPs with sociodemographic and
economic traits was assessed using multinomial logistic
regression to evaluate which of the MPs belong to these
traits and to assess the differences.

Methods

In this study, the configuration of “MPs” refer to specific
combinations of NCDs that may reflect distinct trajec-
tories in health outcomes. MPs represent a spectrum of
two or more NCDs that accumulate systematically over
time, rather than occurring randomly. To identify MPs,
we applied factor analysis (FA) and latent class analysis
(LCA) to data on 14 chronic disease domains, extract-
ing latent disease factors and classes, respectively. The
resulting patterns from FA and LCA were compared,
and the most stable and interpretable pattern across two
time points was selected. This pattern was further strati-
fied using the multimorbidity cutoff of having>2 NCDs.
Finally, multinomial logistic regression models were
employed to examine associations between MPs and
sociodemographic and economic characteristics.

Data source and sample size

The Lifelines cohort is a population-based multidisci-
plinary prospective study aimed at exploring healthy
ageing among 167,729 individuals aged 0 to 93 vyears,
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residing in the northern region of the Netherlands.
Lifelines encompasses three generations and captures
biomedical information as well as data on lifestyle, socio-
demographic characteristics, behavior, physical health,
and psychological factors. Baseline data collection took
place between 2007 and 2013, with participants undergo-
ing follow-up assessments every five years, from 2011 to
2019. Data collection involves administering self-report
questionnaires to participants of all ages and conduct-
ing measurements on individuals aged 8 years and older.
A diverse array of investigative protocols is employed to
assess biomedical factors contributing to health and dis-
ease in the general population, with a particular focus on
multimorbidity. More detailed information on the design,
sample size, and structure of the questionnaires can be
found elsewhere [22].

The present cross-sectional analysis with prospective
measurements utilized data from adults aged 60 years
and older at wave 1 (baseline; N=23,452) who were fol-
lowed approximately five years later at wave 2 (first fol-
low-up). Data from living participants with complete
observations were analyzed at baseline (n=21,130) and
during the first follow-up (1 =16,465).

Measures

To identify NCDs for analysis, 45 conditions were ini-
tially considered at baseline and first follow-up. Par-
ticipants were classified as having a specific condition
if they responded “Yes” to the question, “Have you ever
been diagnosed with..; reported receiving treatment or
prescribed medication for the condition, met diagnos-
tic criteria based on laboratory tests (e.g., blood, serum,
and urine analyses), or had undergone procedures such
as surgery (e.g., transplants, device implantation, bypass,
or angioplasty) or dialysis. Additionally, diagnostic clas-
sification incorporated results from spirometry, blood
pressure measurements, electrocardiograms (ECG), and
anthropometric data, where applicable [23].

The NCDs were grouped into 14 domains following
established classification criteria from previous studies
relevant to this population, considering clinical signifi-
cance, shared mechanisms, and affected systems. These
domains included: cancer (bone, brain, breast, prostate,
lung, colon and other type, “excluding for skin and cer-
vical cancer [24]”); major CVD events (CVD) (heart sur-
gery, myocardial infarct, heart failure and stroke) [25, 26];
other heart and peripheral vascular conditions (HPVC)
(atrial fibrillation, arrythmia, heart valve, claudication,
aneurysm, atherosclerosis and thrombosis); hypertension
(HTN) (systolic/diastolic blood pressure>140 and/>90
mmHg); arthritis; osteoporosis; digestive (liver disease,
ulcerative colitis and Crohn’s disease); diabetes (DM)
(type 1 and type 2); kidney (chronic kidney disease, dis-
turbed kidney, kidney disorders and renal failure) [27,
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28]; respiratory (asthma, breathing problems and COPD)
[25, 26]; thyroid (Hypothyroidism, hyperthyroidism, and
thyroid disease.); narrow degenerative diseases (NDD)
(Alzheimer, dementia, Parkinson’s disease, epilepsy and
multiple sclerosis); depression and obesity (body mass
index>30 (BMI) [29]). All 14 NCDs were recorded as
binary variables (No=0, Yes=1). Additional details are
provided in Supplemental Table 1.

Covariates

Anthropometric, sociodemographic and economic vari-
ables were assessed at baseline. The structure of these
variables is described below:

Household equivalent income (€) was calculated by
dividing the net household income (the midpoint of
each participant’s income category) by the square root of
the number of persons living in the household. Highest
education attainment was categorized into: elementary
education (no education or primary education), lower
secondary education (lower or preparatory vocational
education or lower general secondary education), upper
secondary education (intermediate vocational education,
apprenticeship, higher general secondary education, or
pre-university secondary education), tertiary education
(higher vocational education or university), and others.
Employment was defined as “Retired’, “Part time job”
(includes<12 h a week job), “Full time job” (includes
being a housewife) and “others”.

Age in years was evaluated as continuous and cat-
egorized by a quinquennial distribution (60-64, 65-69,
70-74 and 75+); sex categorized as “men or women”;
marital status categorized as “cohabitating with a part-
ner’, “not cohabitating with a partner’, “no partner” and,
“other”.

Analysis

Data from all participants were considered for descrip-
tive tables and figures at baseline. Multimorbidity was
defined as the accumulation of two or more NCDs simul-
taneously in the same subject [10]. Prevalence for NCDs
and multimorbidity were graphically presented for each
assessment period. Subjects with missing information in
one or more NCDs were excluded from FA and LCA.

To assess potential selection bias, sociodemographic
characteristics and the accumulation of NCDs were com-
pared between participants who were excluded (7%) or
lost to follow-up (14%) versus those who continued in the
analysis (86%). The Wilcoxon signed-rank test and chi-
squared distributional hypothesis tests were employed as
appropriate (Supplemental Table 2).

Identification of MPs general procedure
The first step involved estimating latent disease pat-
terns using FA and LCA. Previous analyses aimed at
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identifying chronic disease patterns indicated that among
six statistical techniques, FA provided the most coherent
groupings [17]. However, in the present study, FA is com-
pared with LCA, considering the growing recognition of
LCA as a robust algorithm for disease classification and
the availability of a larger sample size from the Lifelines
data [30].

For FA, tetrachoric correlations were estimated at each
time point (Supplemental Fig. 1). Details of the feasibility
and factor extraction can be found below Supplemental
Table 3.

A confirmatory factor analysis (CFA) was conducted
using the maximum likelihood approach with standard-
ized values. Model testing parameters included a lower
Bayesian Information Criterion (BIC), Chi-square for
the user model (p<0.05), degrees of freedom (df), a
Comparative Fit Index (CFI) value>0.9, and an RMSEA
value < 0.05 (Supplemental Table 4).

A maximum likelihood estimator was chosen to per-
form LCA. To assess quality and compare model fit per-
formance, a sequence of models ranging from one to
seven classes was conducted with 100 repetitions each.
Model fit indices, including parsimony of the BIC, like-
lihood, and residual degrees of freedom, were used to
select the best class model [31]. Additionally, Akaike’s
BIC (ABIC), consistent Akaike information criterion
(CAIC), and entropy were considered [32] (Supplemental
Table 5).

The cut-off value for item-response probability classi-
fications within classes was set to 0.3 or above to capture
variability in the disease latent patterns and provide more
flexibility in interpreting the latent classes [33]. A sensi-
tivity analysis was performed by excluding HTN from the
estimations to assess its potential impact on LCA estima-
tions (Supplemental Table 6).

Although statistical guidance was carefully considered,
the final selection and naming of the best class solution
were based on its etiological explanatory value. The latent
disease patterns derived from FA and LCA were then
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assigned to individuals. The results from both techniques
were compared, and stability was assessed visually using
tables and Sankey diagrams to track the migration of
individuals between latent disease patterns from baseline
to the first follow-up. The technique that demonstrated
better stability was then used to stratify the results
according to the multimorbidity cutoff point, leading to
the identification of MPs.

Population representation of MPs

To evaluate how the MPs relate to sociodemographic and
economic characteristics, the relationship between MPs
and population characteristics was assessed at baseline
through independent multinomial logistic regression
models for each sociodemographic and economic vari-
able. The dependent variable for the analysis was the MPs
(with the group of participants without multimorbidity
as the reference), and populational characteristics were
the exposure variables. Results were summarized with
relative risk ratios (RRR) and presented in plots. The RRR
can be interpreted as the relative risk of belonging to a
particular MP compared to not having multimorbidity,
based on each sociodemographic or economic trait. Age
and gender were considered as confounding variables in
all models. Only participants with two assessments over
time were analyzed (n=18,897).

A p-value<0.05 was considered statistically significant
for all analyses, and confidence intervals were estimated
at 95%. All statistical procedures were performed using R
software version 4.2.3 (2023-03-15 ucrt) [34—36].

Results

In Fig. 1, the frequencies of the 14 NCD conditions are
presented for both baseline and the first follow-up. The
highest frequencies were observed for HTN and HPVC,
with baseline frequencies of 41% and 36%, respec-
tively, and first follow-up frequencies of 47% and 37%.
Except for obesity and thyroid disease, the prevalence of
NCDs increased over each assessment timeframe. The
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prevalence of NDD and digestive disorders remained
below 2% in each assessment period.

Latent disease patterns

Figure 2 presents a comparative visualization of the latent
disease patterns identified using FA and LCA. The top
section displays the results of the latent factors from FA,
while the bottom section illustrates the LCA class solu-
tion. Prevalences are indicated above each latent disease
pattern. In both panels of the figure, a dotted line marks
the 0.3 threshold for disease inclusion (Fig. 2b).

Five similar solutions were obtained from both FA and
LCA. For FA, the latent factors identified were ‘Risk con-
ditions, ‘Heart and vascular conditions, ‘Metabolic risk;
‘Narrow degenerative diseases & digestive, and ‘Complex
treatment conditions’ (Fig. 2a). The latent classes identi-
fied were ‘“Vascular, ‘Metabolic risk, ‘Heart and vascular
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conditions, ‘Complex treatment spectrum, and ‘Major
CVD and vascular conditions’ (Fig. 2b). The results sug-
gest some consistency in disease patterns across both sta-
tistical methods, particularly for cardiovascular-related
conditions, metabolic conditions, and complex spectrum
groups of diseases (Fig. 2a and b).

FA provides solutions based on factor loadings, while
LCA estimates the probability of presenting one disease
given another. Thus, despite similarities between solu-
tions in Fig. 2a and b, interpretations differ according
to the technique employed. In FA (Fig. 2a), NCDs are
grouped according to their maximum absolute load-
ing across five latent factors, restricting participants to a
specific set of diseases within each pattern. In contrast,
in LCA (Fig. 2b), NCDs are not mutually exclusive, and
membership in each pattern depends on the probability
of presenting each disease. For instance, participants in
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the “Vascular’ latent class show probabilities below 30%
for each of the 14 diseases of having any of the 14 NCDs,
whereas those in the ‘Metabolic risk’ pattern have prob-
abilities of 78%, 38%, 53%, and 32% for presenting HTN,
HPVC, obesity, or diabetes, respectively, and below 30%
for the remaining NCDs.

All solutions were named after the diseases character-
izing them. In the “Vascular’ class, although probabili-
ties for each NCD remain below 30%, HTN, HPVC, and
respiratory diseases gather closely, with probabilities of
29%, 23%, and 17%, respectively. This class also repre-
sents participants with the lowest accumulation range
of NCDs (range between 1.6 and 4), contrasting notably
with the ‘Complex treatment spectrum’ latent pattern
(range between 5 and 11) (Table 1).

Figure 3 is a Sankey diagram showing the distribution
of participants within latent disease patterns at baseline
and first follow-up. In general, participants maintained
their belonging to the same latent disease pattern across
follow-ups, with variations in disease accumulation and
the prevalence of the groups.

Multimorbidity was present in 55% of participants at
baseline. The prevalence of the MPs was estimated to be
42% in the ‘“Vascular’ group (n=5,057), 23% in the ‘Meta-
bolic Risk’ group (n=2,808), 18% in the ‘Heart & Vascular
Conditions’ group (n=2,208), 13% in the ‘Major Cardio-
vascular Disease (CVD) & Vascular Conditions’ group
(n=1,562), and 2.8% in the ‘Complex Treatment Spec-
trum’ group (n=333). The only group that required strat-
ification for making the MPs was the “Vascular’ latent
disease pattern. Except for the ‘Vascular’ group, each
latent disease pattern from LCA included two or more
NCDs. The ‘Vascular’ group had the lowest complex-
ity, with an NCD accumulation range of 1 to 4, while the
‘Complex Treatment Spectrum’ group had the highest
range, with 5 to 11 NCDs. In contrast, all latent factors
required stratification for multimorbidity, and the ranges
in NCD accumulation were wider, indicating more com-
plexity in their conformation (Table 1).

Population representation of MPs
Results of a multinomial logistic regression are presented
in Fig. 4. Participants with MPs were strongly associated
with lower academic attainment, not having a partner,
and lower net income. Comparing the ‘Vascular’ group
as the least complex (and closest to a state without mul-
timorbidity) with the ‘Complex Treatment Spectrum’
as the most complex, these groups represented two risk
profiles distinctly differentiated by the RRRs of belonging
to different sociodemographic or economic traits.
Compared with participants without multimorbid-
ity, those in the ‘Vascular’ group had higher relative
risk ratios (RRRs) for several sociodemographic factors:
1.24 (95% CI: 1.06-1.45) for having only elementary
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education, 1.20 (95% CI: 1.08-1.33) for not having a
partner, and 1.19 (95% CI: 1.07-1.32) for a net income
of €1,100-1,500. In the ‘Complex Treatment Spectrum’
group, these associations were even stronger: RRR 3.42
(95% CI: 2.23-5.24) for elementary education, 1.68 (95%
CI: 1.27-2.22) for not having a partner, and 2.93 (95% CL:
2.04—4.21) for that same income bracket. Having a part-
time job was linked to a lower likelihood of belonging to
any multimorbidity profile, although this result should be
interpreted with caution (Fig. 4).

Discussion

Five MPs were identified: ‘Vascular, ‘Metabolic Risk;
‘Major CVD & Vascular Conditions, ‘Heart & Vascu-
lar Conditions, and ‘Complex Treatment Spectrum’ The
average number of NCDs within the MPs varied, sug-
gesting that disease accumulation is influenced by the
probability of grouping diseases by etiology rather than
adding NCDs. Among the techniques used, LCA showed
the best performance in terms of interpretability and sta-
bility for grouping patterns. The risk of having MPs was
higher in participants with lower income and among
those without a life partner. The ‘Complex Treatment
Spectrum’ MP was the most complex and had the highest
risk, while the “Vascular’ MP was the least complex and
had the lowest risk of association with sociodemographic
and economic traits.

This study has some strengths. The classification of dis-
eases was conducted using a robust database with a large
number of participants and a well-planned, rigorous
data collection methodology. The criteria for generating
the list of 14 NCDs were based on previous publications
using the same database, incorporating both self-reported
criteria and objective clinical studies and measurements,
ensuring strong classification accuracy. The analysis con-
sidered a large sample size, which reduces the likelihood
of findings occurring by chance, enhances the represen-
tativeness of the MPs, and strengthens the overall find-
ings. Additionally, the statistical techniques employed
were powerful enough to generate precise estimates, and
sensitivity analyses exhibited robustness.

Differences in our estimated patterns likely stem from
statistical assumptions. FA, relying on variable correla-
tions, captures linear relationships but may overlook
complex patterns [37]. LCA, using a membership prob-
ability matrix, identifies distinct subgroups and better
captures non-linear relationships and population hetero-
geneity [38], making it more robust for identifying stable
MPs. While counting diseases to set a cutoff has practical
value [39], visualizing NCDs grouped into MPs offers a
more accurate perspective on multimorbidity [16]. These
results highlight the complexity of multimorbidity and
the need for an optimal approach to capture multiple dis-
ease associations [40].
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Table 1 Baseline descriptive analysis for sociodemographic and Multimorbidity patterns in the population
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Characteristic

All participants (N=23,452)

Less than two diseases

n=10,592 (45%) *

Multimorbidity
n=12,860 (55%) *

Mean;
(SD; min-max) n/N

%

Mean;
(SD; min-max) n/N

%

Mean;
(SD; min-max) n/N

%

General information

67.2; (5.5, 60.0-94.0)
12,764/23,427
27.0;(3.9; 15.5-56.0)

Age (years)

Gender (female)

BMI (kg/mA2)
Academic attainment

Elementary 2,069/22,954
Lower secondary 10,623/22,954
Secondary 4,624/22,954
Tertiary 4,769/22,954
Other 869/22,954
Marital status
Cohabitating 19,305/23,213
No cohabitating 407/23,213
No partner 3,445/23,213
Other 56/23,213
Income level
-1,100 2,198/20,373
1,100/1,500 3,909/20,373
1,500/1,900 3,734/20,373
1,900+ 6,910/20,373
| don't know 958/20,373
Don't want to tell 2,664/20,373
Employment
Retired 11,246/19,933
Part time job 2,206/19,933
Full time job 5,219/19,933
Others 1,262/19,933
Accumulation in chronic diseases
No NCDs 4,191/23,452
1 NCD 6,401/23,452
2 NCDs 5,620/23,452
3 NCDs 3,797/23,452
4 or more 3,443/23,452

Latent classes(Complete cases) /
NCD distribution by latent class: mean (min; max)

Vascular 14,219/21,130
1.6(1;4)

Metabolic risk 2,808/21,130
33(2,6)

Heart & Vascular conditions 2,208/21,130
3839

Major CVD & Vascular conditions 1,562/21,130
34(2;7)

Complex treatment spectrum 333/21,130
6.6 (5 11)

Latent factors(Complete cases) /
NCD distribution by latent factor: mean (min; max)

Narrow DD & Digestive 5,192/21,130
19(1;11)
Metabolic risk
23(1;9)

5,440/21,130

54.0%

9.0%
46.0%
20.0%
21.0%
3.8%

83.0%
1.8%
15.0%
0.2%

11.0%
19.0%
18.0%
34.0%
4.7%

13.0%

56.0%
11.0%
26.0%
6.3%

18.0%
27.0%
24.0%

16.0%
15.0%

67.0%

13.0%

10.0%

7.4%

1.6%

25.0%

26.0%

66.8; (5.3; 60.0-94.0)
5477/10,580
25.7;(3.0; 15.5-54.1)

784/10,344
4,722/10,344
2,113/10,344
2,354/10,344
371/10,344

8,882/10,419
173/10,419
1,344/10,419
20/10419

819/8,771
1,496/8,771
1,608/8,771
3,287/8,771
399/8,771
1,162/8,771

4,674/8,581
1,122/8,581
2,400/8,581
385/8,581
4,191/10,592
6,401/10,592
0/10,592

0/10,592
0/10,592

9,162/9,162

0/9,162

0/9,162

0/9,162

0/9,162

4,530/9,162

2,287/9,162

52.0%

7.6%
46.0%
20.0%
23.0%
3.6%

85.0%
1.7%
13.0%
0.2%

9.3%
17.0%
18.0%
37.0%
4.5%
13.0%

54.0%
13.0%
28.0%
4.5%

40.0%
60.0%

100%

49.0%

25.0%

67.6; (5.7;60.0-93.6)
7,287/12,847
28.0; (4.3; 16.0-56.0)

1,285/12,610
5901/12,610
2,511/12610
2/415/12,610
498/12,610

10,423/12,794
234/12,794
2,101/12,794
36/12,794

1,379/11,602
2/413/11,602
2,126/11,602
3,623/11,602
559/11,602

1,502/11,602

6,572/11,352
1,084/11,352
2,819/11,352
877/11,352
0/12,860
0/12,860
5,620/12,860

3,797/12,860
3,443/12,860

5,057/11,968
2,808/11,968
2,208/11,968
1,562/11,968

333/11,968

662/11,968

3,153/11,968

57.0%

10.0%
47.0%
20.0%
19.0%
3.9%

81.0%
1.8%
16.0%
0.3%

12.0%
21.0%
18.0%
31.0%
4.8%

13.0%
58.0%
9.5%

25.0%
7.7%

44.0%
30.0%
27.0%

42.0%

23.0%

18.0%

13.0%

2.8%

5.5%

26.0%
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Table 1 (continued)
Characteristic All participants (N=23,452) Less than two diseases Multimorbidity
n=10,592 (45%) * n=12,860 (55%) *
Mean; % Mean; % Mean; %
(SD; min-max) n/N (SD; min-max) n/N (SD; min-max) n/N
Heart & Vascular conditions 5,308/21,130 25.0% 1,207/9,162 13.0% 4,101/11,968 34.0%
2.3(1;6)
Complex treatment conditions 2,973/21,130 14.0% 596/9,162 6.5% 2,377/11,968 20.0%
2.8(1;9)
Risk Conditions 2,217/21,130 10.0% 542/9,162 5.9% 1,675/11,968 14.0%
27 (1;9)

* Statistical significative differences between subjects with and without multimo|

Baseline (n=21,130)

A

s N

rbidity (P<0.01)

First follow-up (n=16,447)

4 N

i N 1
25.4%
1 NCD 50 : e
5,684 ] o Vascular ?
Vascular i <A
50.8 % ' 8.593 2
10,741 ; ’ 2. NCDs
! 3,986
2 NCDs N
5,143~ © ' " Metabolic 3
’ ,?,, 112 ,870 K 70 NCDs
<\ &> - 3,003
7 A L Major CVD & vascular
Metabolic Risk Ay 12.0%
2,808 L ; 977 18,37 [ANRR
33N<S:g§ g "-\: 3707 Heart & vascular 3,006
? Major CVD & Vascular A S 1,343
conditions 7.4 i 2.4%
1,562 'Y S Complex treatment
- — 400
Heart & Vascular
4 or more RLH:7 conditions I0.4% b
2292 2,208 - - ~
: )<y, Losses to follow-up
Complex treatment 1.6% v - 2,596
spectrum= - il "
333 : W O5oths

Fig. 3 Classes conformation by accumulation of NCDs, and flux of MPs between assessments

No NCDS: Baseline: 16.5%; 1st Follow-up: 13.9%

363 deaths are in the exclusion group. There are overlaps between the losses to follow-up and exclusions

Nevertheless, studies also show heterogeneity in find-
ings when exploring disease combinations in multimor-
bidity [41]. The sources of this variation lie in four main
domains: the design and sample size of the study (cross-
sectional or longitudinal); the statistical techniques
employed, including the parameters considered in the
modelling; the set and number of diseases included in
the models; and the type, definition, and magnitude of
NCDs [19]. Despite this variability, there are consistently
identified groups of multimorbidity across studies, such
as musculoskeletal, metabolic, respiratory, cardiovascu-
lar/cardiometabolic, and mental disorders [33, 42, 43].
One limitation to address is the “naming fallacy,” which
may lead to misinterpretation of latent groups. Although
researchers commonly label the classes they identify, the

complexity of these groups often means that the labels
may not fully capture their underlying essence [31].
Also in our study, we encountered challenges in naming
the classes, especially related to vascular diseases, so we
cannot rule out that alternative labels might more pre-
cisely capture the characteristics of each multimorbidity
pattern.

Sociodemographic determinants are strongly linked
to multimorbidity [44]. A systematic review indicates
that women are more prone to mental and musculo-
skeletal multimorbidity, while men are more affected
by cardiometabolic, digestive, and genitourinary disor-
ders. Not having a sentimental partner is a risk factor
for mental health or complex multimorbidity clusters.
Lower income or educational attainment increases the
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T o Metabolic Risk
Vascular
37 »  Heart-Vascular Conditions
© Major CVD-Vascular Conditions
7 Complex treatment spectrum
44 : ; i
Educational attainment Marital status Employment Net income
(ref. Tertiary) (ref. Cohabitating) (ref. Retired) (ref. 1,900+)
’ P=82 2=77 ?=85

Relative Risk Ratio (95% CI)

=92

Elementary
Secondary

Other
No partner

Lower secondary
No cohabitating

Other *

Part time job
Full time job
Other **
-1,000
1,000/1,500
1,500/1,900

Don't know / tell

Sociodemographic and economical traits

Fig. 4 Baseline RRRs of belonging to a specific multimorbidity configuration by sociodemographic and economical characteristics
1 Reference group for MPs: Without multimorbidity. * Complex treatment spectrum. - Marital status “Other”: RRR (95% Cl) = 1.65 (0.22-12.49). ** Complex

treatment spectrum. - Employment “Other”: RRR (95% Cl)=6.32 (4.22-9.46)

likelihood of developing cardiometabolic clusters and
experiencing depression with arthritis, chronic pain,
respiratory issues, or mental health problems [45]. Our
results regarding sociodemographic and economic traits
are consistent with findings from a meta-analysis, which
reported that low educational attainment is associ-
ated with a 64% increase in the odds of multimorbidity
(95%CIL: 1.41-1.91) [46].

Potential sex differences may need to be considered in
future analyses. Female patients often experience higher
morbidity rates and more frequent adverse treatment
reactions in various age-related conditions compared
to males. Additionally, preclinical research often over-
looks the long-term effects of pregnancy, childbirth, and
breastfeeding [47]. Women in this population were more
prevalent in the ‘Metabolic Risk; ‘Heart & Vascular Con-
ditions, and ‘Complex Treatment Spectrum’ latent dis-
ease patterns (Supplemental Table 7). Further tests are
needed to assess the impact of these differences.

In the present study, we used baseline measurements
together with a single follow-up to identify how MPs are
configured at two cross-sectional time points. Although
we prospectively compared these periods using the same
subjects, we recommend a longitudinal approach with
repeated measurements like latent transition analysis.
Such a design would enable a more precise evaluation of
multimorbidity trajectories and a better understanding of
how the classes evolve over time [48, 49].

The utility of latent multimorbidity groups may depend
on the methods used to configure the MPs. Dimensional-
ity reduction, distance-based clustering, and latent class
identification all operate under different parameters and
thus offer unique opportunities for characterizing MPs.
In the case of latent classes, the probability of having one
disease given the presence of another is estimated based
on the potential combinations included in the calcula-
tions. Although LCA does not guarantee perfect class
assignment, it is viewed as a more suitable approach
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because it relies on a model-based framework and pro-
vides fit indices, which enables statistical inference to
determine the optimal number of classes for a popula-
tion. For this reason, compared to traditional clustering
methods, LCA is considered more statistically robust for
grouping [21, 31].

Identifying the underlying patterns of multimorbidity
creates significant possibilities for clinical care, as dif-
ferent combinations of 2, 3 or more diseases may confer
more accurate prognosis than simply counting the num-
ber of diseases. In addition, by providing a real-life based
outline for the grouping of diseases, configurations of
MPs may offer insights that can better inform targeted
interventions.

Conclusions

The findings reveal clear MPs in older adults, with LCA
providing more interpretable and stable results than FA.
A lower net income within MPs may mask the effects of
environmental and behavioral risks, indicating that MPs
are likely linked to social factors. This highlights the need
to model MPs and to explore their relationships with life-
styles for more effective health interventions.
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