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Abstract
Background: During the last decades, the role of economic 
status and wealth-related variables in relation to the mortality 
and incidence of a wide range of diseases have received 
increased attention. This study focused on clustering the 
economic status of a population-based study using partitioning 
around the medoid (PAM) and then investigating the association 
between the obtained economic clusters and the incidence of 
non-communicable diseases (NCDs).
Methods: The present study was based on data from Shahrekord 
Cohort Study (SCS). This study considered nine NCDs, 
including cardiac disease, myocardial infarction, diabetes, 
hypertension, stroke, all types of malignancies, chronic lung 
disease, depression, and obesity, among 7034 participants aged 
35 and 70 from the urban population of Sharekord (IRAN) 
in 2022. Four quantitative and four qualitative variables were 
used to cluster the economic status. The NbClust package was 
used to determine the optimal number of clusters, and the 
K-med package in R software (version 4.2.1) was used for PAM 
clustering. Descriptive statistics were reported as frequency (%) 
or median (IQR), and statistical analysis was performed using 
the Chi square test and Mann-Whitney test in SPSS software 
(version 19.0). P<0.05 was considered statistically significant.
Results: The estimated optimal number of clusters was two. The 
first cluster contained individuals with good economic status, 
while the second cluster contained those with a moderate economic 
status. The findings indicated that individuals with a good 
economic status had significantly higher rates of cardiac disease 
(7.2% versus 5.3%, P<0.001), stroke (1.3% versus 0.6%, P<0.001), 
diabetes (12.8% versus 9.1%, P<0.001), hypertension (21.6% versus 
15.6%, P<0.001), depression (P<0.001), and obesity (P=0.03).
Conclusion: The findings of the present study showed that 
economic status was significantly associated with the majority 
of NCDs.
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What’s Known

• The economic status and wealth-
related variables are associated with the 
occurrence of a wide range of diseases.
• Measuring economic status has 
always presented critical challenges, and 
various statistical methods have been 
used to combine the information on wealth-
related variables.

What’s New

• Significant associations were found 
between the economic status and the 
majority of non-communicable diseases.
• Participants with good economic 
status had significantly higher rates 
of cardiovascular diseases, diabetes, 
hypertension, and stroke.
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Introduction 

During the last decades, the role of economic status and wealth-
related variables have received increased attention in relation 
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to the mortality and occurrence of a wide 
range of diseases.1, 2 Nowadays, most health 
studies consider economic status a potential 
confounding variable since it might influence 
numerous aspects of health through a wide range 
of mechanisms.3, 4 Nevertheless, evaluating 
economic status has always presented critical 
challenges, and various statistical methods 
have been used to combine the information on 
wealth-related variables.

The use of principal component analysis as 
one of the most prevalent methods of dimensional 
reduction leads to the extraction of several 
continuous quantitative components called 
“principal”. Nonetheless, this numerical variable 
lacks a defined unit. It is not interpretable, and 
cannot incorporate qualitative variables.5, 6 To 
address the limitation of qualitative variables 
incorporation, the multiple correspondence 
analysis method was proposed to combine the 
information of variables related to the economy 
in several components.7, 8 However, the obtained 
coordinates are still not interpretable, and also 
its division into quartiles does not seem rational.

Although dividing observations into 
homogeneous groups using different clustering 
methods has a long history, the majority of 
prevalent clustering methods are distance-
based and do not support qualitative variables. 
In the method of partitioning around the medoid 
(PAM), the basis of clustering is the similarity 
of the samples to each other. Therefore, it 
is possible to use all types of variables in the 
clustering process.9, 10 In the PAM analysis, the 
number of optimal clusters is calculated using 
appropriate statistical indicators, indicating that 
there is no bias in estimating the number of 
optimal clusters.11

PAM clustering was already being applied in a 
variety of medical studies. Recently, it was used to 
cluster patients with knee movement disorders,12, 13 
assigned patients with back pain to the treatment-
based homogenous subgroups,14 clustered 
COVID-19 medications,15 and determined the 
socio-economic status of mothers to assess its 
impact on children’s growth at 60 months.16

Considering the importance of the economic 
condition in health studies and the need to 
consider its function, the correct estimation of 
this variable using the most up-to-date statistical 
methods can be introduced as the first step in 
determining its role. To the best of our knowledge, 
only a few studies considered the use of advanced 
clustering methods to cluster people based on 
their economic status. In this way, the present 
study aimed to cluster the economic status of a 
population-based study via PAM clustering and 
then investigate the association between the 

obtained economic clusters and the occurrence 
of non-communicable diseases (NCDs).

Participants and Methods

This study was based on data from Shahrekord 
Cohort Study (SCS), which was conducted as 
one of the prospective epidemiological studies in 
the southwest of Iran with a sample size of 10075 
participants in 2022. According to census data, 
7034 participants from the urban population, 
aged 35 and 70, were included in this study.17 
The only exclusion criterion was unwillingness 
to participate.

The purpose of the research was explained 
to all participants before the sampling 
procedure, and written informed consent was 
obtained from all the participants. This research 
was approved by the Ethics Committee of 
Shahrekord University of Medical Sciences 
(code: IR.SKUMS.REC.1401.191).

This study considered nine NCDs, including 
cardiac disease, myocardial infarction (MI), 
diabetes, hypertension, stroke, all types of 
malignancies, chronic lung disease, depression, 
and obesity. Diabetes was defined as having FBS 
levels equal to or higher than 6.99 mmol/L (126 mg/
dL) or taking blood glucose-lowering medication. 
Individuals undergoing treatment for physician-
diagnosed diabetes were also considered 
diabetic. Hypertension was defined as a systolic 
blood pressure of ≥140 mmHg or a diastolic 
blood pressure of ≥90 mmHg, accompanied by 
a previous diagnosis of hypertension or being 
on antihypertensive medication. Individuals with 
a body mass index (BMI)≥30 were classified as 
obese. Moreover, they had an approved history 
of disease, based on medical evidence, and the 
consumption of related drugs regularly based 
on specialist recommendations for the other 
diseases.18, 19 To cluster the economic status, 
eight variables were utilized, four quantitative and 
four qualitative. The size of the home refers to 
the entire surface area, excluding areas that are 
measured in square meters, including the porch, 
garden, yard, and even parking or garage. The 
second quantitative variable was the number of 
bedrooms in the participant’s present residence. 
The third variable in this study was the total 
number of travels made by the participants 
around the world, excluding foreign pilgrimages. 
The next quantitative variable was the number 
of participant trips within Iran over the last ten 
years. This variable comprised pilgrimage or non-
pilgrimage travels that were more than 100 Km  
from the participant’s residence. Access to 
the four household items, namely a computer 
or laptop, an automobile, a vacuum cleaner, 
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and a freezer, were considered the qualitative 
variables.

The dissimilarity of quantitative variables 
was calculated using Euclidean distance. This 
index was generated using equation 1 for two 
observations, x and y.20

The dissimilarity for nominal qualitative 
variables could be expressed in the following 
equation:

Where p is the total number of variables, and 
u is the total number of variables that belong to 
the same category in two observations.11

One of the most important steps in the 
clustering process was to determine the number 
of clusters, which should be based on the nature 
of the data and without bias. The NbClust 
package was used to determine the optimal 
number of clusters. This package employed the 
“majority rule” to calculate more than 20 indices 
to determine the optimal number of clusters.21

The partitioning around medoid was 
developed by Kaufman and Rousseeuw.22 The 
term medoid refers to an observation within a 
cluster that has the lowest dissimilarity to other 
members of that cluster.11, 20 To execute PAM 
clustering, the following steps were implemented:
1- The number of clusters (k) was determined.
2- k observations were randomly selected as the 
medoid of the clusters.
3- The dissimilarity matrix was calculated for all 
two by two observations.
4- Each observation was assigned to the cluster 
that had the least dissimilarity to its medoid.
5- The medoid for each cluster was updated.
6- The dissimilarity of each observation to the 
medoid of all existing clusters was recalculated. 
If the dissimilarity of each observation to 
the medoid of its cluster was less than the 
dissimilarity of that observation to the medoid 

of other clusters, the algorithm terminated; 
otherwise, we would return to the fourth step.11

Descriptive statistics were presented as 
frequencies and percentages or median (IQR). 
The statistical analysis was performed using 
the Chi square test and Mann-Whitney test in 
the SPSS software, version 19.0 (IBM Corp., 
Armonk, NY: IBM Corp.). For the clustering aim, 
NbClust, K-med, and cluster packages in R 
software, version 4.2.1 (R Core Team, Vienna, 
Austria) were used. P<0.05 was considered 
statistically significant.

Results

This study included 7034 participants, with 3515 
(50%) men and 3519 (50%) women. The mean 
age of the participants was 49.36±9.27, ranging 
from 35 to 70. About 1476 (21%) of the participants 
were illiterate, 1806 (25.7%) had less than a 
diploma, 2086 (29.7%) had diplomas, and 1666 
(23.7%) had a Bachelor’s degree or above. In this 
study, the median and interquartile range of the 
participants’ house size and number of rooms 
were 120 (100-150) and 2 (2-3), respectively. 
In addition, the median and interquartile range 
of the participants’ international travels during 
their lifetime was 0 (0-1), and the median and 
interquartile range of the participants’ national 
travels in the last 10 years was 27 (9-61). 5204 
(74%) of the participants in this research had 
access to a computer, and 5978 (85%) owned 
an automobile. The majority of the participants, 
6953 (98.8%) owned a vacuum cleaner, and 
6939 (98.6%) had a freezer.

The majority rule in the NbClust package 
predicted that the optimal number of clusters 
was two. The silhouette index for the first cluster 
was 0.26, for the second cluster was 0.17, and 
the suggested model had an average silhouette 
of 0.212.

The majority in the second cluster was men 
2015 (52.1%), while the majority in the first 
cluster was women 1581 (52.9%), which was 
statistically significant (P<0.001). As shown in 
table 1, the second cluster had more illiterates 
than the first cluster (21.8% versus 19.9%). 

Table 1: Comparison of demographic variables in two clusters
Variables Subgroups 

(N)
Cluster 1
n (%)

Cluster 2
n (%)

P value*

Sex Male (3515) 1410 (47.1) 2105 (52.1) <0.001
Female (3519) 1581 (52.9) 1938 (47.9)

Education Illiterate (1476) 596 (19.9) 880 (21.8) 0.09
High school (1806) 772 (25.8) 1034 (25.6)
Diploma (2086) 877 (29.3) 1209 (29.9)
Bachelor and above (1666) 746 (24.9) 920 (22.8)

*Chi square test, P<0.05 was considered statistically significant.

( ,!) = "#(!$% $)&'
$()

*(+,,) =
- − /-

( ,!) = "#(!$% $)&'
$()

*(+,,) =
- − /-

(1)

(2)
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However, there was no statistically significant 
association (P=0.09). Besides, the median was 
significantly higher in the first cluster than in the 
second one (51.23 versus 47.98, P<0.001).

Figure 1 compares the four quantitative 
variables between the two groups. The first 
cluster had a significantly larger median housing 
size (160) than the second cluster (100, P<0.001). 
The median number of bedrooms in the first 
cluster was three, while it was two in the second 
cluster (P<0.001). As indicated in figure 2, the 
first cluster had significantly greater proportions 
of assets, including a computer (78.4% versus 
70.7%), an automobile (88.6% versus 82.3%), 
and a freezer (99.0% versus 98.4%, P<0.001). 
As a result, those in the first cluster had good 
economic status, while those in the second had 
a moderate one.

The findings showed that the proportion of 

cardiac disease, stroke, diabetes, hypertension, 
depression, and obesity was significantly higher 
among the participants with good economic 
status. Instead, the proportion of MI, cancers, 
and chronic lung disease had no significant 
difference between individuals with good and 
moderate economic status (table 2). 

Discussion

The present study found that those with a higher 
socioeconomic class were more likely to suffer 
from NCDs than others, which was consistent 
with previous research. Mtintsilana and 
colleagues found that in South Africa and Kenya, 
good socio-economic status was associated 
with an increased risk of NCDs, and that 
even after controlling for smoking and alcohol 
consumption, socio-economic status was found 

Figure 1: The box plots show the spread of quantitative economic variables in each cluster.

Figure 2: The bar charts show the relative frequency of qualitative economic variables in each cluster.
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to be a significant risk factor for the development 
of NCDs. There was a positive association 
between socioeconomic position and the 
prevalence of NCDs, which could be attributed to 
fast urbanization, epidemiological transmission, 
as well as their influence on lifestyle factors. In 
addition, as in the present study, NCDs such as 
obesity, diabetes, and hypertension were more 
prevalent in rich groups.23

The findings of the present study revealed 
that those with higher levels of education were 
more likely to develop NCDs than other groups. 
Reddy and colleagues found that those with a 
university education were more likely to suffer 
from NCDs. One reason for this was that this 
group of people was more concerned with their 
studies and might not have been screened for 
NCDs.24 Furthermore, according to the findings 
of the present study, individuals with a higher 
economic status might have greater access 
to facilities and health care, increasing the 
likelihood of identifying their diseases.

The current study also showed that obesity 
was more prevalent among those with a high 
economic status. According to Marthias and 
colleagues, obesity was associated with several 
NCDs, including cardiovascular disease, 
hypertension, stroke, arthritis, and high blood 
cholesterol. In support of the present study, it 
can be stated that groups of people with higher 
income, economic status, and education had 
better health literacy and access to healthcare 
staff. Thus, the likelihood of contracting a non-
communicable disease was higher than that of 
groups with lower social status.25

Lotfi and colleagues found that cardiovascular 
diseases were less likely in those with a high 
socioeconomic status, which contradicted our 
findings. This disparity could be explained by 
case-control research with a different sample 
size than ours.26 

Kundu conducted a study on socio-economic 
inequalities in the burden of communicable 
and NCDs among older persons in India. They 
found that the prevalence of NCDs differed from 
the anthropometric status defined by BMI.27 
Obesity was also a major factor in explaining the 
disparities in the prevalence of NCDs. Obesity 
was associated with an elevated risk of several 
serious NCDs, including type 2 diabetes, 
cardiovascular diseases, stroke, asthma, and 
various malignancies.28

Although this study intended to employ 
clustering based on a wide range of economic 
characteristics, only eight variables were 
evaluated due to the convergence issues, and 
lack of access to data on individual’s income and 
expenses. Despite these limitations, the present 
study utilized a large sample of participants 
from a population-based study, as well as an 
advanced statistical method that incorporated 
mixed-type data sets.

Conclusion

A better understanding of the association 
between economic status and NCDs at the 
individual level could assist health policymakers 
in developing preventive measures and health 
promotion programs. The findings of the 

Table 2: Comparison of economic status and the incidence of common non-communicable diseases
Variables Subgroups Cluster 1

(good economic status)
n (%)

Cluster 2
(moderate economic status)
n (%)

P value

Has cardiac disease Yes (432) 216 (7.2) 216 (5.3) <0.001*

No (6602) 2775 (92.8) 3827 (94.7)
Has myocardial infarction Yes (111) 52 (1.7) 59 (1.5) 0.38#

No (6923) 2939 (98.3) 3984 (98.5)
Has stroke Yes (65) 39 (1.3) 26 (0.6) <0.001#

No (6969) 2952 (98.7) 4017 (99.4)
Has diabetes Yes (751) 382 (12.8) 369 (9.1) <0.001*

No (6283) 2609 (87.2) 3674 (90.9)
Has hypertension Yes (1275) 645 (21.6) 630 (15.6) <0.001*

No (5759) 2346 (78.4) 3413 (84.4)
Has cancer Yes (62) 28 (0.9) 34 (0.8) 0.70#

No (6972) 2963 (99.1) 4009 (99.2)
Has chronic lung disease Yes (343) 162 (5.4) 181 (4.5) 0.07#

No (6691) 2829 (94.6) 3862 (95.5)
Has depression Yes (1272) 601 (20.1) 671 (16.6) <0.001†

No (5762) 2390 (79.9) 3372 (83.4)
Obesity Yes (1960) 878 (29.7) 1082 (27.4) 0.03†

No (4955) 2082 (70.3) 2873 (72.6)
†Chi square test, #Fisher’s Exact Test; *P<0.05 was considered statistically significant.
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present study showed that economic status 
was significantly associated with the majority 
of NCDs, which might be due to the effect of 
lifestyle.
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