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Abstract

Background Substantial inequalities in the overall prevalence and patterns of multimorbidity have been widely
reported, but the causal mechanisms are complex and not well understood. This study aimed to identify common
patterns of multimorbidity in Serbia and assess their relationship with air pollutant concentrations and water quality
indicators.

Methods This ecological study was conducted on a nationally representative sample of the Serbian population. Data
were obtained from the European Health Interview (EHIS) Survey, a periodic study designed to assess population
health using widely recognized standardized instruments. The study included 13,069 participants aged 15 and older,
randomly selected through a multistage stratified sampling design. Multimorbidity was defined as having two

or more self-reported diagnoses of chronic non-communicable diseases. Latent class analysis (LCA) was performed

to identify clusters of multimorbidity. Concentrations of particulate matter (PM10), sulfur dioxide (502), nitrogen diox-
ide (NO2), carbon monoxide (CO), and ozone (03), as well as water quality indicators, were obtained from the Serbian
Environmental Protection Agency.

Results The overall prevalence of multimorbidity was 33.4% [32.6%—34.2%]. Six latent classes of multimorbid-

ity were identified: Healthy, Multicondition, Cardiovascular, Metabolic syndrome, Respiratory, and Musculoskeletal.
Annual increases in PM10 and SO2 concentrations, as well as daily increases in O3 concentrations, significantly raised
the odds of having multimorbidity (OR=1.02, 95% CI 1.02-1.03; OR=1.01, 95% CI 1.00-1.02 and OR=1.03, 95% Cl
1.02-1.03, respectively). A pattern of increased risk was observed with rising levels of water contamination. Exposure
to physico-chemical, microbiological and combined contamination was associated with a 3.92%, 5.17% and 5.54%
higher probability, respectively, of having multiple chronic conditions. There was strong evidence that air pollutants,
as well as chemical and microbial water contamination, were significantly associated with higher odds of the most
common clusters of multimorbidity identified by LCA.

Conclusion There is compelling evidence of an association between multimorbidity and environmental pollu-
tion, suggesting that exposure to air pollutants and water contaminants may contribute to disease accumulation
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and help explain geographically and socioeconomically patterned inequalities. These findings underscore the need
for extensive studies that simultaneously measure both multimorbidity and pollution to explore their complex

interrelationships.

Keywords Multimorbidity, Latent class analysis, Disease clusters, Inequalities, Air pollution, Water pollution

Introduction

In societies facing considerable demographic aging, mul-
timorbidity — defined as the coexistence of two or more
chronic diseases in an individual — becomes an increas-
ingly pressing public health issue [1]. Recent estimates
suggest that approximately 50 million people in the Euro-
pean Union are affected by multimorbidity [2]. This con-
dition often results in diminished physical functioning,
polypharmacy, increased hospitalization rates, reduced
quality of life, depression, and heightened mortality risk,
thus imposing a substantial economic strain on health-
care systems [3]. Despite its significance, the standardi-
zation of multimorbidity definitions and clinical practices
remains insufficient due to its complex and variable
nature across different populations [4, 5].

The evaluation of multimorbidity patterns and asso-
ciated risk factors can be approached through various
methodologies [6-8]. Traditional approaches, which
focus solely on counting the number of chronic condi-
tions, often fail to adequately inform healthcare policy
due to the diverse combinations of conditions experi-
enced by individuals [1, 9]. The conventional definition of
multimorbidity — two or more chronic conditions — has
been criticized for its lack of detailed information about
the specific combinations of conditions affecting indi-
viduals, which is crucial for effective patient management
[10]. Additionally, the inclusion of less impactful condi-
tions, such as well-managed hypertension, pre-diabetes,
and mildly elevated cholesterol, may obscure the true
impact of multimorbidity on patient well-being [11].

Recent advancements advocate for a paradigm shift
towards recognizing multimorbidity as a collection of
disease clusters, thereby enabling a more systematic
approach to understanding and managing the condi-
tion [1, 9]. Emerging research supports the application
of latent class analysis (LCA), a modeling technique that
identifies population heterogeneity and classifies indi-
viduals based on the likelihood of belonging to specific
classes of disease patterns [12, 13].

While individual characteristics such as gender, age,
socioeconomic status, and health-related behaviors are
well-established predictors of multimorbidity, there is
limited evidence on the influence of environmental fac-
tors [1, 14, 15]. Air pollution and water contamination,
both significant public health concerns, are increasingly
recognized as contributing factors. According to the

World Health Organization (WHO), ambient air pollu-
tion is responsible for approximately 4.2 million deaths
annually, with this number expected to rise [16]. Despite
reductions in pollutant emissions in the European Union
over the past two decades, air pollution levels remain
problematic, affecting both short-term and long-term
health outcomes [17, 18]. Short-term exposure exacer-
bates existing conditions and triggers acute illnesses,
while long-term exposure has more severe and delayed
health consequences [19]. Increased exposure to air pol-
lutants is linked to a rise in chronic conditions such as
pulmonary insufficiency, chronic asthma, cardiovascular
diseases, and overall mortality [20]. Similarly, water qual-
ity issues, exacerbated by industrialization, agriculture,
and urbanization, pose a critical public health challenge
[21]. The UNESCO World Water Development Report
2021 highlights that unsafe drinking water, poor sanita-
tion, and inadequate hand hygiene contribute to approxi-
mately 829,000 annual deaths due to diarrhea [22].
Given these concerns, it is crucial to undertake future
studies to better understand the relationships between
environmental factors, such as air pollution and water
contamination, and the prevalence and patterns of mul-
timorbidity. Thus, the aim of this study was to identify
common patterns of multimorbidity and to assess their
complex relationship with air and water pollution in a
representative sample of the Serbian population.

Material and methods

Study sample

The data analyzed in this ecological study were obtained
from the European Health Interview Survey (EHIS)
[23], conducted on a nationally representative sample of
the Serbian population during 2019. The EHIS is a peri-
odic survey designed to assess the health of the popula-
tion using widely recognized standardized instruments,
specifically interview surveys, to collect reliable data on
health status, health protection, and the determinants
of health within the European Union (EU). The study
instrument was culturally adapted and validated for Ser-
bian population. The survey was conducted in coopera-
tion with the Statistical Office of the Republic of Serbia,
the Ministry of Health of the Republic of Serbia, and the
Institute of Public Health of Serbia “Dr Milan Jovanovié¢
Batut” The survey was approved by the Ethics Committee
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of the Institute of Public Health of Serbia (n° 3607/1),
and ethical standards were in accordance with the Inter-
national Declaration of Helsinki [24]. The participants
were presented with a written document that included
relevant information regarding the study’s objectives
and the extent of their rights. A written signature was
obtained from each participant who agreed to participate
in the study. To ensure participant anonymity, measures
were implemented to exclude any data that could poten-
tially reveal their identities. This practice adhered to the
Law on Official Statistics, wherein the requisite identi-
fication information was systematically eliminated and
substituted with a unique code.

A stratified, two-stage cluster sampling method was
used to obtain a nationally representative sample. Strati-
fication was undertaken according to the four statisti-
cal regions in Serbia (Vojvodina, Sumadija and Western
Serbia, Southern and Eastern Serbia and the Belgrade
region), and the type of settlement (urban or other). The
first stage involved selecting random samples of cen-
sus districts with a probability proportional to their size
using clustering sampling techniques. In the second
stage, a sample of households were randomly selected
with equal probability. Out of 6,000 households invited,
a sample of 5,114 households was realized (response
rate: 85.23%). The inclusion criteria were all persons aged
15 years and over who were living in non-institutional
(private) households in the territory of the Republic of
Serbia and who represented the usual population. Indi-
viduals who lived in collective households were excluded.
Detailed information on the Serbian EHIS 2019 sampling
procedures, calculation of the sample size, and popula-
tion inclusion and exclusion criteria can be found else-
where [25]. Patients or the public were not involved in
research’s design, conduct, reporting, or dissemination
plans.

Defining multimorbidity state and clusters

of multimorbidity

Multimorbidity was defined as two or more diagnoses
from the list of 17 self-reported chronic non-communi-
cable diseases provided in EHIS 2019: 1) Hypertension;
2) Lower spine deformity or other chronic back problem
(back pain); 3) Cervical deformity or other chronic prob-
lem with the cervical spine; 4) Hyperlipidemia; 5) Arthro-
sis (excluding arthritis); 6) Coronary artery disease or
angina pectoris; 7) Allergy (excluding allergic asthma); 8)
Diabetes mellitus; 9) Depression (or chronic anxiety); 10)
Renal disorders; 11) Chronic bronchitis, COPD (Chronic
obstructive pulmonary disease), Emphysema; 12) Urinary
incontinence; 13) Asthma (including allergic asthma);
14) Stroke (cerebral bleeding or thrombosis) or chronic
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consequences of the stroke; 15) Myocardial infarction or
chronic consequences of the myocardial infarction; 16)
Malignancies; and 17) Liver cirrhosis.

LCA was performed to define clusters of multimor-
bidity, using scripts in the poLCA from the R package.
The 17 chronic health conditions listed above were used
as observed indicators. The optimal number of latent
classes was determined using the lowest Bayesian infor-
mation criterion (BIC) and Akaike information criterion
(AIC) [26, 27]. Clinical judgment and interpretability
were also implemented in selecting the optimal model.
Based on their highest computed probability of member-
ship, each participant was assigned to one class. Average
posterior probabilities >70% indicated optimal fit [28].
Used tolerance for convergence was le-12 and the num-
ber of repetitions per model was 10. Entropy was used as
a metric for assessing class differentiation by computing
the posterior probabilities for assigning each observation
to the latent classes. The entropy values range from 0,
which represents random classification, to 1, which signi-
fies a perfect assignment. Models with values about 0.8
are generally regarded as satisfactory [29].

Air pollution measurement

The study looked at the levels of PM10 particles, sulfur
dioxide (SO2), nitrogen dioxide (NO2), carbon monoxide
(CO), and ozone (O3) in the air for 2019. The levels were
obtained from the state network of air quality monitor-
ing stations, governed by the Environmental Protection
Agency of the Ministry of Environmental Protection,
and follow the rules set out in the Regulation on condi-
tions for monitoring and air quality requirements [30].
The total number of ambient air quality monitoring sta-
tions across the country that provided data in 2019 were:
PM10 (36), SO2 (41), NO2 (35), CO (29), and O3 (19).
All used measuring techniques are defined as reference
methods. An Additional file 1. shows used standards in
more detail.

Data on air pollutants were directly assigned to
respondents from municipalities that had a monitor-
ing station with available data for the study period. To
address the issue of a smaller number of valid measur-
ing stations for air pollutant concentrations compared to
the number of municipalities included in the EHIS 2019,
values were interpolated (<10%). For respondents from
municipalities without monitoring stations, pollutant
values were assigned from the nearest monitoring station
based on geographical longitude and latitude, using cubic
interpolation. Cubic interpolation was selected over
nearest and linear methods due to its lower approxima-
tion error, particularly for boundary municipalities (those
not surrounded by other municipalities, located near
the borders of Serbia), and was performed in the Python
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programming language. An Additional file 2. shows the
air pollutant concentration averaging periods and their
limits in the Regulation on conditions for monitoring and
air quality requirements, and Additional file 3. reports
measured air pollutant concentration range for 2019.

Water quality measurement

The Environmental Protection Agency of the Republic
of Serbia provided water quality indicators for 2019 [31].
The following indicators were assessed: physico-chemical
water quality (risk levels: acceptable, partially acceptable,
bad, very bad, and alarming) and microbiological water
quality (risk levels: insignificant, small, moderate, large,
and huge). Based on the physico-chemical and microbio-
logical properties, the water quality was classified as [31]:

1. satisfactory (less than 5% of microbiologically con-
taminated samples and less than 20% of physico-
chemically contaminated samples annually)

2. physico-chemical contamination (physico-chemical
contamination in more than 20% of tested samples
annually),

3. microbiological contamination (microbiological con-
tamination is present in more than 5% of tested sam-
ples annually) and

4. “combined” contamination (physico-chemical con-
tamination in more than 20% of tested samples and
microbiological contaminations in more than 5% of
tested samples annually).

Data on water contamination indicators were directly
assigned to respondents from municipalities that had
a measuring station with available data for the study
period. There was no imputation for missing data on
water quality indicators.

Statistical analysis

Numerical variables were presented as means with stand-
ard deviations. Categorical variables were presented with
absolute numbers and percentages. In addition, 95%
confidence intervals (CI) were calculated. Chi-squared
test was used for testing associations between two inde-
pendent groups according to categorical variables. The
distribution of multimorbidity was assessed according
to sex, age, quintiles of household’s monthly income per
person (with the 1st quintile indicating lowest and the
5th quintile indicating the highest level of income), and
four regions in Serbia (Vojvodina, Belgrade, Sumadija
and Western Serbia, South and Eastern Serbia). House-
hold monthly income per person was calculated by tak-
ing the total gross household monthly income divided
by total number of family members living together. LCA
was conducted to identify clusters of multimorbidity, as
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previously described. After LCA, we performed a Bayes-
ian categorical multi-logistic regression to assess the
relationship between age and predicted class member-
ship. We also investigated the empirical distribution of
specific diseases and disease burden by plotting percent
changes across defined statistical regions of the Repub-
lic of Serbia. Additionally, based on domain knowledge,
we constructed multiple directed acyclic graphs (DAG)
to identify the total causal effects of different predictors
on multimorbidity risk and avoid the ‘Table 2’ fallacy
[32]. An Additional file 4. shows DAG in more details.
Our primary target of inference was the association of
socio-demographic determinants of health, air pollutant
concentrations and water contamination indicators with
multimorbidity and the most common clusters of multi-
morbidity. We estimated the association of age, income,
education, chemical and microbiological water quality,
ozone, sulfur dioxide, and the presence of particulate
matter of less than 10 pm with multimorbidity by fitting
a varying-intercept multilevel Bayesian logistic regres-
sion model. We pre-specified age as a nonlinear term
and assumed the monotonicity of income, education,
and water contamination with respect to multimorbidity
odds.

We presented the posterior distributions which relate
to covariate-adjusted estimates of multimorbidity odds
by different risk factors. The posterior distributions com-
municate the probability of the relevant quantity of inter-
est conditional on the observed data. We also explicitly
calculated contrasts between risk factor levels and their
reference value with other covariates held at their mean
where relevant.

The posterior distribution was estimated using Hamil-
tonian Markov Chain Monte Carlo (MCMC), as imple-
mented in Stan version 2.32.2. When deriving point
estimates from the posterior distributions, we used the
median. We assessed convergence by inspection of trace
plots and R-hat values, which should be below 1.01 [33],
and Effective Sample Size (ESS), which should be greater
than 1000 [34]. Models were compared by assessing
out-of-sample predictive performance using leave-one-
out cross-validation approximated by Pareto smoothed
importance sampling [35]. Weakly informative priors
were selected to provide minimal regularization and
so that the parameters span scientifically plausible val-
ues. Additionally, posterior predictive checks and sta-
ble reliability diagram calibration plots were used to
assess model fit [36]. We computed weighted expecta-
tions using importance weights obtained from the PSIS
smoothing procedure when assessing calibration. An
Additional file 5. shows the MCMC trace plot visualized
and Additional file 6. presents the CORP reliability dia-
gram. The statistical analysis was done in R version 4.3.2.
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The packages utilized were: brms, marginal effects, and
ggdist.

Results

Multimorbidity in study population

The demographic characteristics of the Serbian study
population, the number of morbidities and the propor-
tion of the population with multimorbidity are shown
in Table 1. The study population included a slightly
higher proportion of women (51.2%) than men (48.8%)
and considerably more people with lower secondary
education (55.3%). The mean number of morbidities in
the study population was 1.34 and 33.4% of the popula-
tion had multimorbidity. The distribution of the relative
multimorbidity burden and relative disease prevalence
among the sampled statistical regions of the Repub-
lic of Serbia is presented in Figs. 1 and 2. Some diseases
show no regional predilection as evidenced by a more

Table 1 Demographics and prevalence of multimorbidity

Page 5 of 16

homogenous distribution, while others exhibit a clear
regional predominance.

In our study, we found a significant decline in odds of
having multimorbidity with higher levels of education.
The observed odds were highest for a ‘primary’ educa-
tion level. Attaining a ‘secondary’ level of education was
linked to a substantial decrease in odds, observed as a
-6.74% reduction (95% CI [-9.02, -4.48]). Further attain-
ment of ‘tertiary’ education was associated with a -10.44%
decrease in odds compared to baseline (95% CI [-13.12,
-7.66]). The pronounced drop from ‘primary’ to ‘second-
ary’ education levels represents the larger of the two dif-
ferences in odds. We also found a step-wise decrease in
odds across income quintiles. Individuals in the second
income quintile were observed to have a -2.2% reduction
in multimorbidity odds compared to individuals in the
lowest income quintile (95% CI [-4.67, -0.3]). Individuals
in the third quintile saw a -3.47% reduction in odds (95%
CI [-6.05, -1.23]), the fourth quintile showed a -5.31%

% (n) Mean number of morbidities (SD) Percent (95%
Cl) with
multimorbidity
All persons 100.0 1.34(1.8) 334(326-34.2)
(13,166)
Sex
Male 48.8 1.14 (1.68) 288 (27.7-29.9)
(6,423)
Female 512 1.54 (1.97) 37.8 (36.6-38.9)
(6,743)
Age, years
15-24 1519 (11.5) 0.13 (0.44) 24(1.7-3.2)
25-44 3574 (27.1) 042 (0.92) 9.9 (9.0-10.9)
45-64 4371 (33.2) 147 (1.81) 37.5(36.1-38.9)
65-84 9 (26.0) 2.56 (2.08) 63.9 (62.3-65.5)
85+ 283 (2A1) 2.73(2.14) 64.3 (58.7-69.9)
Educational level
Primary 3525 (26.8) 2.02(2.18) 48.2 (46.5-49.8)
Secondary 7287 (55.3) 1.12 (1.65) 28.7 (27.6-29.7)
Higher 2354 (17.9) 1.03 (1.57) 259(24.1-27.7)
Income per capita
1st quintile (lowest) 5(20.6) 1.58 (2.08) 37.7 (35.9-39.5)
2nd quintile 2694 (20.5) 1.44 (1.90) 35.2(33.3-37.0)
3rd quintile 2661 (20.2) 1.36 (1.85) 344 (326-36.2)
4th quintile 2637 (20.0) 1.20 (1.67) 31.0(29.3-32.8)
5th quintile (highest) 2459 (18.7) 1.10 (1.62) 28.2 (26.4-30.0)
Regions
Belgrade 3055 (23.2) 1.27 (1.85) 31.7(30.0-33.3)
Vojvodina 2960 (22.5) 1.50 (1.95) 36.5(34.7-38.2)
Sumadija and Western Serbia 4231 (32.1) 1.13(1.63) 29.3(27.9-30.6)
Southern and Eastern Serbia 2920 (22.2) 1.56 (1.97) .1(36.4-39.9)




Rajovic et al. Environmental Health (2024) 23:99

Page 6 of 16

Multimorbidity difference from national average
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Fig. 1 The distribution of the relative multimorbidity burden among the sampled statistical regions of the Republic of Serbia. Shaded regions

represent differences from national average given in percent

reduction (95% CI [-8.04, -2.66]), and individuals in the
highest income quintile (5th quintile) experienced a
-6.84% decrease in odds (95% CI [-9.99, -3.92]) compared
to lowest income quintile. Average adjusted posterior dis-
tributions of multimorbidity by educational attainment
and income quintiles is presented in Additional file 7.

Latent classes of multimorbidity patterns
A six classes model of multimorbidity was identified by
LCA use (Fig. 3). Additional file 8. shows a comparison

of fit statistics for models with different numbers of
classes ranging from two to ten. There was an impor-
tant drop in the BIC and AIC values from the two-class
to the three-class model. The six-class model yielded
the lowest BIC value (BIC=94,419.09) and, although
the lowest AIC corresponded to the ten-class model
(AIC=93,293.04), further inspection showed that none
of the average posterior probabilities for the first six
classes was below 0.7. In addition, since AIC mono-
tonically dropped with an increase in class number, we
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Disease prevalence difference from national average
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Fig. 2 The distribution of relative disease prevalence among the sampled statistical regions of the Republic of Serbia. Shaded regions represent

differences from national average given in percent

have selected BIC as the primary criterion and the six-
class model was finally chosen over the others. Figure 3
presents latent class models and chronic conditions
assigned to each class model. The entropy of LCA indi-
cated a satisfactory model (0.78).

Six latent classes of multimorbidity identified using
the LCA were: Healthy (#=7581), Multicondition
(n=588), Cardiovascular (7=200), Metabolic syndrome
(n=2821), Respiratory (n=275) and Musculoskeletal
(n=1701). The latent model class labelled as “Healthy”
was composed of participants with a substantially lower
prevalence of all chronic diseases. The “Multicondition”

latent model class was complex multimorbidity state,
comprising those with high probabilities of almost all
chronic conditions. “Cardiovascular” model class had
high membership probability of coronary artery disease
or angina pectoris, hypertension and myocardial infarc-
tion or chronic consequences of myocardial infarction,
diabetes mellitus and hyperlipidemia. The latent model
class labelled as “Metabolic syndrome” was populated
by those with high probability of hypertension, diabetes
mellitus and hyperlipidemia, the “Respiratory” class by
those with high probability of asthma (including allergic
asthma), chronic bronchitis, COPD (Chronic obstructive
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Fig. 3 Heatmap of latent class models. A clustered heatmap displays the posterior probabilities from the latent class model. Columns represent
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pulmonary disease), and emphysema, hypertension and
allergies, whereas the “Musculoskeletal” latent class
model included those with high probability of lower
spine deformity or other chronic back problem (back
pain), cervical deformity or other chronic problem with
the cervical spine and hypertension. Item response prob-
abilities that allow assessing the distinctness of the iden-
tified six latent classes are presented in Additional file 9.
For graphical representations, a heatmap and dendro-
gram were built for visualization of distances and latent
class models (Fig. 3). The probability of multimorbidity
cluster membership as a function of age is presented in
Additional file 10.

Association of air pollutant concentrations and water
quality indicators with multimorbidity

The findings indicate that increase of PM10, SO2, and
O3 concentrations significantly increases the odds of
having multimorbidity. Specifically, the population-
averaged marginal odds ratio for PM10 was 1.02 (95%
CI [1.02-1.03]). Similarly, a marginal increase in SO2
was associated with a population-averaged odds ratio
of 1.01 (95% CI [1.00-1.02]). Lastly, O3 exposure was
linked to an odds ratio of 1.03 (95% CI [1.02-1.03]).

A significant negative correlation was found between
O3 and NO2 concentrations (r=-0.108; p<0.001).
These results underscore the compounding effect of
air pollutants on the odds of having multimorbidity.
In addition to relative odds estimates, Fig. 4. presents
marginal estimates of absolute risks, illustrating average
increases in the probability of multimorbidity presence
as indicated by the y-axis label. All marginal estimates
are covariate-adjusted (age, sex, income, education).
The study further explored the impact of physico-
chemical and microbial water contamination on the
probability of having multimorbidity. A pattern of
increased risk was observed with rising levels of water
contamination. Individuals in areas with satisfactory
water quality served as a baseline. Exposure to phys-
ico-chemical contamination was associated with a
1.18 (95% CI [1.03-1.24]) increase in the odds ratio of
multimorbidity presence, microbiological contamina-
tion exposure resulted in a 1.18 (95% CI [1.07-1.29])
increase in the odds of multimorbidity, and combined
contamination levels corresponded to 1.19 higher
odds of having multiple chronic conditions (95% CI
[1.08-1.31]). In addition to relative odds ratio esti-
mates, Fig. 5 presents marginal estimates of absolute
risks, illustrating average increases in the probability
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of multimorbidity presence as indicated by the y-axis
label. All marginal estimates are covariate-adjusted
(age, sex, income, education).

Association of air pollutant concentrations and water
quality indicators with clusters of multimorbidity
The findings demonstrate that increase of SO2, PM10
and O3 concentrations significantly increases the odds of
having Multicondition (OR: 1.02, 1.02 and 1.08, respec-
tively) and Musculoskeletal (OR: 1.01, 1.02 and 1.08,
respectively) clusters of multimorbidity. Exposure to the
increased levels of SO2 significantly rises the odds of
having Respiratory cluster (OR: 1.02), while the increase
of PM10 and O3 concentrations rises the odds of having
Metabolic syndrome cluster (OR: 1.00 and 1.01, respec-
tively) (Table 2). The reverse relationship between NO2
levels and presence of Multicondition (OR: 0.97) and
Musculoskeletal (OR: 0.98) cluster was reported.
Physico-chemical contamination of water significantly
increases the odds of having Multicondition (OR: 1.81),
Musculoskeletal (OR: 1.39) and Cardiovascular cluster
(OR: 1.99) of multimorbidity. Exposure to the microbio-
logical water contamination significantly increased the
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odds of having Multicondition (OR: 2.05), Musculoskel-
etal (OR: 1.57), Cardiovascular (OR: 1.78), Respiratory
(OR: 1.54) and Metabolic syndrome cluster (OR: 1.23),
while combined water contamination significantly rises
the odds of having Multicondition (OR: 1.84) and Cardio-
vascular (OR: 1.99) clusters of multimorbidity (Table 2).

Discussion

The results of this study demonstrated that more than
one-third of the general population in Serbia was clas-
sified as having multimorbidity. The study also identi-
fied six latent classes of multimorbidity through LCA:
Healthy, Multicondition, Cardiovascular, Metabolic syn-
drome, Respiratory and Musculoskeletal. Furthermore,
the presence of various air pollutants, along with chemi-
cal and microbial water contamination indicators, pro-
vides compelling evidence of their substantial influence
on the odds of having multimorbidity.

The appropriate method of identifying and analyzing
clusters of diseases represents an on-going debate among
the scientific community. This has led to an incomplete
and fragmented insight into the nature of multimor-
bidity and its impact on individuals, communities, and

Table 2 Association of air pollutant concentrations and water quality indicators with clusters of multimorbidity

Multicondition

Musculoskeletal Cardiovascular

OR 95% ClI p OR 95% Cl p OR 95% ClI p
Air pollutants
SO2 1.02 1.01,1.03  0.003 1.01 1.00,1.02  0.024 099 097,102 0638
PM10 1.02 1.01,1.04 <0.001 1.02 1.01,1.03 <0.001 1.01 0.99,1.03 0407
03 1.08 1.06,1.11 <0.001 1.08 1.07,1.09 <0.001 1.03 1.00, 1.06 0.069
NO2 0.97 095,098 <0.001 098 097,099  <0.001 100 097,103 0990
Water quality
Satisfactory ref
Physico-chemical contamination 1.81 1.30,2.52 <0.001 1.39 111,173 0.004 1.99 1.14,345 0.015
Microbiological contamination 2.05 154,272 <0.001 157 1.31,1.88 <0.001 1.78 1.12,2.83 0.015
Combined contamination 1.84 140,241 <0.001 117 098,140  0.081 1.99 131,302  0.001
Respiratory Metabolic syndrome
OR 95% ClI p OR 95% Cl p
Air pollutants
SO2 1.02 1.00,1.03 0.040 1.00 0.99,1.01 0.499
PM10 1.01 099,1.02 0456 1.01 1.00,1.01  0.050
03 1.01 0.99,1.04 0334 1.02 1.01,1.03 0.002
NO2 1.00 098,1.02 0958 0.99 098,100  0.058
Water quality
Satisfactory ref
Physico-chemical contamination 1.14 071,185  0.584 1.16 094,142  0.163
Microbiological contamination 1.54 1.08,2.21 0.017 1.23 1.06,144  0.008
Combined contamination 112 0.78,1.60  0.543 1.04 0.90,1.21 0.572

OR Odds Ratio, CI Confidence Interval

reference group for odds ratio calculations was Healthy cluster (n=7581)
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health care services [10]. Additionally, issues arise when
comparing the methodologies used in different research,
where some rely on clinical records and others on self-
report; some mention only a small number of conditions,
while others provide extensive lists of diseases. Several
multi-country systematic reviews were conducted in
order to gather information on the prevailing clusters of
conditions, where a significant amount of research has
focused on clusters consisting of just two conditions.
These studies have identified depression, cardiometa-
bolic, and musculoskeletal disorders as the most preva-
lent components of multimorbidity clusters worldwide.
However, it is important to acknowledge that the avail-
able evidence suggests that the occurrence of certain
combinations of conditions is probably greatly influenced
by the specific environment and population in which the
research is conducted [6, 37, 38]. However, very few of
the published studies used different approaches to com-
pare methods and identify differences in results, conse-
quently increasing the reliability of their findings [10, 39].
Systematic reviews found that hierarchical clustering and
factor analysis were the most common methods. LCA,
an approach that classifies individuals using a probabil-
istic model based on the observed values of all included
variables, on the other hand, was used only in a few stud-
ies [6-8, 40]. Olaya et al. conducted a study to describe
the patterns of multimorbidity in a representative sam-
ple of Spanish adults using the LCA method [41]. Based
on the presence or absence of 11 chronic conditions,
this study found three clinically and statistically distinct
latent classes of multimorbidity: the “cardiorespiratory/
mental/arthritis” class, the “healthy” class, and the “meta-
bolic/stroke” class. In a cross-sectional study on a sam-
ple of 4,574 senior Australians, Islam et al. [10] identified
four clusters of diseases: “healthy” individuals, “asthma/
bronchitis/arthritis/osteoporosis/depression and anxi-
ety’, “high blood pressure (HBP)/diabetes’, and “cancer’,
with stroke and heart disease either creating a separate
group or “attaching” to other groups in different analy-
ses. Moreover, the Australian study sample revealed that
HBP and arthritis were the two predominant chronic dis-
eases in both multimorbid triplets and comorbid pairs.
Park et al. [42] found three groups of multimorbidity pat-
terns in the general South Korean population. The first
group was mostly healthy, the second group had heart
and blood vessel diseases like dyslipidemia, hypertension,
diabetes mellitus, and stroke, and the third group had
asthma, arthritis, allergic rhinitis, thyroid disease, and
depression. Whitson et al’s study [43], which included
Americans aged 65+years, identified six latent classes,
similar to our study results. Classes were determined
based on 13 conditions, and participants were assigned
to classes based on the highest calculated probability of
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membership to: “minimal disease’, “non-vascular’,
cular’, “cardio-stroke-cancer’, “major neurologic disease’,
and “very sick” class. Multimorbidity clusters in our
study were based on 17 chronic conditions which were
classified in following clusters: Healthy, Multicondition,
Cardiovascular, Metabolic syndrome, Respiratory and
Musculoskeletal.

Evidence indicates that a low level of education and liv-
ing in a deprived area are associated with an increased
probability of multimorbidity [44]. The systematic
review and meta-analysis of 24 studies indicated that a
low education level, compared to a high education level,
was linked to a 64% higher likelihood of multimorbid-
ity, with considerable heterogeneity among studies, par-
tially attributable to the methods used for multimorbidity
assessment. Rising deprivation was consistently linked to
a increasing risk of multimorbidity, while the evidence
regarding income was inconclusive [44]. In our study,
secondary education mitigated most of the odds, indi-
cating that early educational interventions might be par-
ticularly effective in reducing the likelihood of developing
multiple chronic conditions. The income analysis reveals
a pattern illustrating a consistent step-wise reduction
in the odds of multimorbidity with each higher income
quintile. Increases in income further lower multimorbid-
ity odds for each level of attained education in our study.

Environmental pollutants, such as those affecting air
and water quality, increase the risk of chronic condi-
tions [45-47], and may contribute to the accumulation
of chronic diseases, leading to multimorbidity. A new
cross-sectional study looking at links between air pollu-
tion and multimorbidity in the UK Biobank found that
long-term exposure to NO2 and PM2.5 pollutants was
linked to higher rates of multimorbidity, the severity of
multimorbid conditions, and the most of multimorbid-
ity clusters [48]. Results on over 360,000 adults from the
UK Biobank revealed that exposure to higher levels of
NO2 and PM2.5 was associated with nine and ten pat-
terns of multimorbidity, respectively, out of 11 identified
patterns. The strongest associations were observed for
respiratory, cardiovascular, and neurological multimor-
bidity and both NO2 and PM2.5 pollutants. Ronaldson
et al. [48] used fully adjusted logistic regressions to assess
the relationship between air pollution and multimorbid-
ity patterns, finding a link between higher exposures to
PM10 pollutants and multimorbidity pattern consist-
ing of painful conditions. These results indicate that the
chance of having a multimorbid condition increases with
higher exposure to air pollution, therefore implying that
air pollution could affect multiple body systems. In our
study, higher levels of PM10 were significantly associ-
ated with higher multimorbidity odds in a representa-
tive sample of the Serbian population (OR: 1.02 (95% CI

vas-
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[1.02-1.03]). In particular, the increase of PM10 concen-
trations significantly increased the odds of having Mul-
ticondition and Musculoskeletal clusters (OR: 1.02 and
1.02, respectively).

The results of a recently conducted study by Luo et al.
[49] showed a relationship between cardiometabolic
multimorbidity and air pollution. This large prospective
cohort study, which included 410,494 middle- and old-
age participants from the UK Biobank, showed that expo-
sure to air pollution was associated with a higher risk of
almost all phases of cardiometabolic multimorbidity pro-
gression, which included the development of first cardio-
metabolic disease, transition from first cardiometabolic
disease to cardiometabolic multimorbidity, and death
from baseline and first cardiometabolic disease [49]. Our
study results demonstrated that higher concentrations
of PM10 particles and O3 increased the odds of having
Metabolic syndrome cluster of multimorbidity (OR: 1.01
and 1.02, respectively).

Recently, Su et al. [50] used a nationally representative
sample of all Chinese people over 60 years old to study
how long-term exposure to PM2.5 and O3 affects cardi-
ovascular and metabolic diseases. According to Su et al.
[50], being exposed to PM2.5 steadily raised the risk of
cardiometabolic diseases and various cardiometabolic
multimorbidity clusters. They also found that the O3 air
pollutant became a major risk factor for cardiometabolic
multimorbidity after a certain dose. Additionally, the
study found a significant positive correlation between
the prevalence of diabetes, hypertension, and cardio-
cerebrovascular diseases, as well as the prevalence of dif-
ferent subtypes of cardiometabolic multimorbidity, and
PM2.5 concentrations. It was found that for every 10
units increase in PM2.5 levels, there was a 2.2% higher
risk of diabetes and high blood pressure, a 5.4% higher
risk of cardiovascular diseases and high blood pressure,
a 5.6% higher risk of cardiovascular diseases and diabe-
tes, and a 7.6% higher risk of diabetes, hypertension, and
cerebrovascular diseases. Although there wasn't a strong
overall link between long-term exposure to the O3 pol-
lutant and different groups of cardiometabolic multimor-
bidity. Su et al. [50] found that the risk of cardiovascular
diseases, diabetes, and all types of cardiometabolic multi-
morbidity was significantly higher in the group that was
exposed to high levels of O3 (88-99.5 pg/m3). In addi-
tion to Su et al’s [50] findings, our study revealed a statis-
tically significant relationship between O3 air pollutants
and multimorbidity, with higher O3 concentrations sig-
nificantly associated with higher multimorbidity odds in
a representative sample of the Serbian population (OR:
1.03 (95% CI [1.02-1.03]). The studies conducted by Luo
et al. [49] and Su et al. [50] did not consider the effects
of other pollutants, such as carbon monoxide and sulfur
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dioxide, despite long follow-up periods and large sample
sizes that allowed the establishment of a causal associa-
tion between multimorbidity and air pollution exposure.
Our study measured the concentrations of both carbon
monoxide and sulfur dioxide, and confirmed the relation-
ship between sulfur dioxide and multimorbidity (OR:
1.01 (95% CI [1.00-1.02]). In particular, exposure to the
increased levels of SO2 significantly rises the odds of
having Multicondition (OR: 1.02), Musculoskeletal (OR:
1.01) and Respiratory cluster (OR: 1.02).

A special emphasis should be placed on the results of
our study providing evidence of association between
ground level ozone and multimorbidity. Ozone pollu-
tion is a global health hazard with increasing concentra-
tions and a growing disease burden. The disease burden
is expected to continue due to the rising concentrations
and improved understanding of ozone effects beyond the
lung [51]. However, ascertaining chronic ozone expo-
sure remains inconclusive, and co-exposure to other air
pollutants like PM2.5 and PM10 makes it challenging
to examine chronic effects. Future studies should incor-
porate advanced technologies to monitor and compute
ozone exposures [51]. Control policies are needed, espe-
cially in developing countries where PM2.5 and PM10
reductions are primarily focused. In our study, a clear
relationship between O3 exposure and multimorbid-
ity was found (OR: 1.03 (95% CI [1.02-1.03]), particu-
larly with Multicondition (OR:1.08), Musculoskeletal
(OR:1.08) and Metabolic syndrome cluster (OR:1.02). A
significant negative correlation that was found between
03 and NO2 concentrations (p <0.001) is consistent with
previous literature findings [52].

In addition to clean air, access to safe drinking water
is crucial for health and further society development, as
inadequate water and sanitation services expose indi-
viduals to health risks. Poor water management in urban,
industrial, and agricultural areas leads to contaminated
drinking water, affecting millions of people. Poor drink-
ing water quality is the leading cause of morbidity and
mortality in developing countries, emphasizing the
importance of clean drinking water [22]. Based on the
survey conducted by the World Health Organization
(WHO), 80% of global diseases and 50% of child mortal-
ity worldwide can be attributed to inadequate drinking
water quality. Additionally, there are over 50 diseases
that are directly caused by poor drinking water quality.
Unfortunately, despite the fact that much of the literature
focuses on water pollution and a specific disease, there
is a lack of research findings that systematically exam-
ine the impact of water pollution on human health and
disease heterogeneity. Our study findings that a pattern
of increased risk correlates with escalating contamina-
tion of water further support these findings. Exposure
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to physico-chemical contamination, microbiological and
combined contamination was associated with a 3.92%,
5.17% and 5.54% higher probability of having multi-
morbidity. Especially, physico-chemical contamination
increased the odds of having Multicondition (OR: 1.81),
Musculoskeletal (OR: 1.39) and Cardiovascular cluster
(OR: 1.99), while exposure to the microbiological con-
tamination increased the odds of having Multicondition
(OR: 2.05), Musculoskeletal (OR: 1.57), Cardiovascular
(OR: 1.78), Respiratory (OR: 1.54) and Metabolic syn-
drome cluster (OR: 1.23). Combined water contamina-
tion rose the odds of having Multicondition (OR: 1.84)
and Cardiovascular (OR: 1.99) clusters.

Recommendations

To promote equity in health and healthcare, it is vital
to ensure that both healthcare providers and the pub-
lic are aware of the prevalence and interconnections of
multimorbidity, including the impacts of various health
conditions, demographic factors, and environmental
influences. Effective strategies may vary by geographical
region, as solutions that are successful in one area may
not be suitable for another due to differing regional pri-
orities and needs [53]. Therefore, countries should lev-
erage localized data to pinpoint specific focus areas at
national or regional levels. This can be accomplished by
gathering input from patients and professionals, analyz-
ing local health statistics, and reviewing relevant litera-
ture in relation to local conditions.

To improve healthcare management for individuals
with multiple conditions, several key actions should be
considered [53]: implementing policy changes, adopt-
ing a systematic approach, identifying individuals who
need additional support, prioritizing care coordination
and self-management support, and simplifying treat-
ment regimes. In Serbia, for instance, enhancing primary
care within the framework of national healthcare cover-
age is crucial. Primary care providers should be trained
as “expert generalists” and adopt a patient-centered
approach tailored to those with multiple conditions. This
involves integrating postgraduate training that covers
multimorbidity concepts into both undergraduate medi-
cal education and ongoing healthcare training programs.

A systematic approach should improve communica-
tion and coordination across different healthcare levels
and sectors, including primary, secondary, and tertiary
care, as well as integrating health and social care. Guide-
lines should focus on managing multiple rather than
single conditions. Care coordination should employ inte-
grated electronic medical systems to identify individuals
requiring additional support, while also promoting self-
management strategies to empower patients in taking
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charge of their health. Simplifying treatment regimes
and ensuring patient understanding of their treatments
will enhance management of chronic diseases. Accepting
multimorbidity as a typical rather than exceptional condi-
tion will facilitate the development of effective healthcare
delivery for patients with multiple chronic conditions.

Strengths and limitations

The strength of our study lies in its ecological design uti-
lizing a large nationally representative sample employ-
ing a wide age range of study participants (15 years and
older). Ecological studies are commonly used to measure
prevalence of diseases; they are easy to conduct using a
routinely collected data, and may generate hypothesis
on the relationship between environmental factors and
health outcomes. In addition, the inclusion of additional
chronic conditions such as lower spine deformity and
other chronic back problems (i.e., back pain), as well as
cervical deformity and other chronic problems with the
cervical spine, enabled us to identify patterns of multi-
morbidity beyond those previously published. Obtained
model for multimorbidity probabilities is accurate and
suitable for interpretation. The model’s ability to cor-
rectly assign risk probabilities was assessed using the
CORP approach suggested by Dimitriadis et al. [36].
Model-assigned values are then compared to empiri-
cally observed rates at automatically calculated opti-
mal intervals to ensure the developed model is reliably
assigned multimorbidity risk probabilities. Consequently,
both overestimation and underestimation were assessed.
However, when interpreting our findings, it is important
to take into account some limitations. The limitations of
ecological study design include presence of a bias and the
lack of adjustment for major confounders such as smok-
ing habits and the inability to infer causality. In addition,
the observed weak correlations between the cardiovas-
cular and respiratory clusters and most air pollutants
may be attributed to the limited number of individuals
who have only one condition within these clusters, and
a substantial number of participants with cardiovascular
and respiratory diseases classified within the Multicon-
dition and Metabolic syndrome clusters. Furthermore,
the used EHIS survey protocol incorporates a restricted
selection of chronic conditions, chosen for their signifi-
cant prevalence and consequential influence on health
outcomes. Therefore, our study did not assess certain
diseases (e.g., infectious diseases, thyroid disease, cata-
racts), and the inclusion of supplementary chronic con-
ditions could potentially lead to distinct patterns. Lastly,
the identification of chronic diseases in our study relied
on self-reported data, which introduces the possibility of
inaccuracies. However, previous large-scale population-
based studies have extensively employed self-reported
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measures of chronic diseases, demonstrating a satisfac-
tory level of accuracy, as evidenced by existing literature
[54, 55].

Future directions

The complex interaction between specific pollutants
and multimorbidity requires large pools of heterogene-
ous data. Real-time data that combines air and water
pollution-related figures and health records (admissions,
exacerbations) can aid in identifying the public health
impact of air pollution on a national, municipal, or local
level. More importantly, real-time data would be criti-
cal for designing effective interventions that are specific
to the population affected by the specific pollutants. In
the absence of clear real-time evidence, comprehensive
studies exploring the long-term effect of environmental
pollutants on disease accumulation would be essential to
reducing the burden of multimorbidity.

Conclusion

The global burden of disease has increased over the past
decades due to demographic aging and increased expo-
sure to environmental pollutants. Our study revealed a
clear relationship between multimorbidity and its clus-
ters with pollution exposure, indicating that exposure to
air pollutants and contaminated water may lead to dis-
ease accumulation. These findings underscore the criti-
cal need for comprehensive research that incorporates
measurements of both multimorbidity and pollution.
Such studies are essential to reveal their complex interre-
lationship, thereby aiding environmental and healthcare
policymakers in implementing preventative strategies
to mitigate harmful environmental pollutant levels and
alleviate the global burden of multimorbidity. Tackling
multimorbidity and its relationship with environmental
pollution should be one of the most important challenges
for health systems globally and nationally.
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