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↑What is “already known” in this topic: 

In the analysis of heterogeneous data, especially in big data, 

fitting only 1 model for the whole data set does not have 

enough accuracy and may lead to a model with weak goodness 

of fit and low accuracy.   
 

→What this article adds: 

The key benefit of this work is that we employed the Cluster-

wise Linear Regression (CLR) approach on a massive data 

frame to execute a distinct regression model in each cluster 

rather than applying a single model to the entire data.  With 

more precise models, it would be feasible to determine the best 

treatment for the patients in each cluster.  
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Abstract 
    Background: Depression is a prevalent illness in the world. Given the importance of mental disorders, many researchers have 

investigated the effects of different variables on average depression scores. In this study, we decided to investigate the effect of some 

explanatory variables on the average depression score. 

   Methods: The data were provided from the second phase of the Kerman Coronary Artery Diseases Risk Factors study 

(KERCADRS), which took place between 2014 and 2018. To obtain more precise connections between depression ratings and 

predictor variables, we employed a cluster-wise linear regression model.  

   Results: The total number of the participants in this study was 9811, out of whom 2144 were allocated to cluster 1, 4540 to cluster 2, 

and 3127 to cluster 3. The average depression score was 13.76 ± 7.6 in cluster 1, 4.39 ± 4.7 in cluster 2, and 10.83 ± 6.7 in cluster 3. 

However, the average depression score for all the data was 8.5 ± 7.2. In all the clusters, the average depression score of females was 

significantly greater than that of men (p < 0.001). In cluster 1, the age category of 35-54 years, in cluster 2, the age category of 55-80 

years, and in cluster 3, the age category of 15-34 years had a maximum average depression score. 

   Conclusion: We may classify the 3 clusters as having a low (cluster 2), moderate (cluster 3), or high (cluster 1) depression score, 

according to the age group with the highest artery diseases risk. The patients were 55-80 years, 15-34 years, and 35-54 years in cluster 

2 (low), cluster 3 (moderate), and cluster 1 (high), respectively. 
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Introduction 

Depression is a prevalent condition worldwide, affect-

ing around 264 million people (1). Depre ssion is distinct 

from normal mood swings and brief emotional reactions 

to ordinary difficulties. It is the main cause of disability 

globally and a significant contribution to the global illness 

burden (2). Women are more likely than males to suffer 

from depression, and it is the primary cause of the dis-

ease's burden among women (3). In general, between 10% 

and 25% of women and 5% to 10% of men experience 

depression at some point in their lives (4). Given the se-
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verity of mental problems, mental health has gained more 

attention in Iran in recent years (5). New efforts have been 

initiated by health institutions and clinics to enhance the 

detection and treatment of depression (6). Additionally, 

the frequency of mental diseases among individuals in 

Iran's general population was investigated. According to 

Noorbala et al’s 1999 National Initiative on Health and 

Illness (7), the prevalence of mental illnesses was assessed 

to be 21% (25.9% among women and 14.9% among men). 

Mohammadi et al did another nationwide study and as-

sessed the prevalence of mental diseases to be 17.1% 

(23.4% for women and 10.8% for men) (8). Cardiovascu-

lar patients, compared with healthy persons, have in-

creased levels of anxiety, sadness, and perceived stress (9-

11). Psychological variables have a significant influence 

in the genesis of cardiovascular disease. Thus, treating 

psychological illnesses might significantly aid in the pre-

vention of these diseases (9, 10). By providing adequate 

mental health services across the nation, the government 

can help reduce the prevalence of depression and anxiety 

disorders, as well as various physical ailments associated 

with these disorders, most notably coronary artery disease. 

Prudent planning for the provision of mental health care 

requires precise data on the prevalence of these diseases in 

the nation. The purpose of this work was to develop a sta-

tistical model of the average depression score (ADS) us-

ing a variety of demographic and clinical data. While mul-

tiple linear modeling and logistic regression are regularly 

used methodologies, we employed Cluster-wise Linear 

Regression (CLR) to analyze the connection between the 

response variable and predictors in this study (12). Clus-

tering techniques are often used for 2 reasons: to analyze 

data and to increase the predicted accuracy of models. 

Second, persistent clusters with consistent nonessential 

changes might be utilized to classify, target, and interpret 

observed patients (13). We could cluster observations in 

clusters and fit the regression models in each cluster in the 

way that the mean squared error (MSE) of each cluster-

specific regression model reach the minimum value. As a 

result, the accuracy of each cluster model was at its max-

imum level. This method could be also utilized to reduce 

the negative effect of heterogeneity in data, especially in 

the big data concept (14, 15).  The positive aspect utilizing 

the CLR method is that we can group the data into the 

clusters that have their model and the people in each clus-

ter are interpreted with their specific cluster model. This 

strategy avoids using a single model to interpret all of the 

data. For example, a variable may not be important when 

we fit one model to all of the data, but it may be signifi-

cant in some or all clusters when we use the CLR tech-

nique. 
 

Methods 

Study Population 

The data for this study were derived from the second 

phase of the Kerman Coronary Artery Diseases Risk Fac-

tors study (KERCADRS), which was conducted in 2014-

2018 in Kerman province, the largest province in south-

east of Iran. The Ethics Committee of Kerman University 

of Medical Sciences accepted the research protocols (Eth-

ical code: IR.KMU.REC.1392.405). The research popula-

tion comprised of 10,015 individuals aged 15 to 80 years 

who were Kerman residents and were recruited through 

the cluster sampling technique. After removing the miss-

ing data, our research included 9811 individuals. Demo-

graphic data were gathered. The whole project's method-

ology has been published in the Iranian journal of public 

health (16). 

 

Instruments  

Beck's Depression and Anxiety Scales were used to ex-

amine depression and anxiety symptoms in this study (17). 

Both surveys have also been verified in Farsi (18). The 

Beck depression index (BDI) is a 21-item questionnaire 

used to examine depressive symptoms. Each item is grad-

ed on a scale of 0 to 3. The BDI score is calculated as the 

sum of the values assigned to each item (total: 63). Scores 

of 1 to 10 are regarded normal, 11 to 16 indicate mild 

mood disturbance, 17 to 20 indicate borderline clinical 

depression, 21 to 30 indicate moderate depression, 31 to 

40 indicate severe depression, and above 40 indicate seri-

ous depression. Additionally, the Beck anxiety index 

(BAI) scale is a questionnaire used to examine anxiety 

symptoms, consisting of 21 items. Each question is graded 

on a scale of 0 to 3. The BAI total score is calculated as 

the sum of the values assigned to each question (total: 63). 

Low or normal anxiety is defined as a score of 0 to 21, 

moderate anxiety is defined as a score of 22 to 35, and 

perhaps worrying anxiety is defined as a score of 36 or 

above (19). The analytic guide for the Global Physical 

Activity Questionnaire (GPAQ) was used to measure 

physical activity. 

 

Variables 

In this study, the continuous form of depression was 

considered as the response variable.  

We used the predictor variables, involving age (contin-

uous form), sex (male, female), marital status (single, 

married, divorced, and widowed), physical activity (low, 

medium, and high), current cigarette smoking (yes, no), 

current tobacco smoking (yes, no), diabetes (normal, pre-

diabetic, and diabetic), hypertriglyceridemia (yes, no), 

hypercholesterolemia (yes, no), anxiety (continuous 

form), and body mass index (BMI) (underweight, normal, 

overweight, and obese).  

In diabetes variable, a prediabetic person is someone 

with fasting blood sugar (on) of between 100 to 126 

mg/dL and a diabetic patients is one with FBS over 126 

mg/dL.  

Patients with hypertriglyceridemia have triglycerides 

≥150 mg/dL or are take medication to treat elevated tri-

glycerides, whereas those with hypercholesterolemia have 

total cholesterol ≥240 mg/dL or take medication to treat 

elevated cholesterol. Furthermore, in the BMI variable, 

the values of BMI ≤18.5 refer to underweight people, 18 

to 25 BMI values refer to normal people, 25 to 30 BMI 

value refer to overweight people, and the values of BMI 

≥30 indicate obese people. 

 

 

 [
 D

O
I:

 1
0.

47
17

6/
m

jir
i.3

6.
11

6 
] 

 [
 D

ow
nl

oa
de

d 
fr

om
 m

jir
i.i

um
s.

ac
.ir

 o
n 

20
25

-0
5-

17
 ]

 

                               2 / 9

http://dx.doi.org/10.47176/mjiri.36.116
http://mjiri.iums.ac.ir/article-1-7962-en.html


 
Z. Zamaninasab, et al. 

 

 

 

 http://mjiri.iums.ac.ir 

Med J Islam Repub Iran. 2022 (8 Oct); 36.116. 

 

3 

Statistical Analysis 

In this paper, we aimed to statistically model some de-

mographic and clinical variables on the average depres-

sion score. Therefore, a multiple linear regression model 

was primarily fitted on the whole data and the R-squared 

and the mean squared error (MSE) of this model were 

recorded. Following that, the cluster-wise regression was 

employed. This approach is based on a combination of 2 

methods, clustering and regression, and it discovers an 

ideal partition of data (k clusters) and regression functions 

inside clusters with the lowest error and highest goodness 

of fit. It might be used to identify patterns in data when 

several patterns are likely to exist. Herein, we presented a 

brief description of the CLR method steps: 1) The data 

were allocated to k clusters randomly; in each cluster, a 

multiple linear model was then fitted. 2) The MSE for 

each cluster- specific regression model was calculated (we 

now have k MSEs). 3) In step 3, each individual was real-

located to the cluster with the minimum MSE. 4) A multi-

ple linear regression was fitted on each new cluster and 

the MSE of each cluster was computed and the average of 

these � MSEs was the overall MSE of each step. 5) Steps 

2 to 4 were repeated until the overall MSE did not change. 

When the loop was finished, we obtained the minimum 

overall MSE. Accordingly, to specify the true number of 

clusters (k) for our data, the CLR model was fitted for 

different number of clusters: k = 3, 4, 5, 6, 7, and 8. We 

should choose the value k, which reflects the maximum 

separation between groups, because all clustering algo-

rithms are anticipated to increase similarity within clusters 

while minimizing similarity across clusters. To achieve 

this, the standard deviation (SD) of MSEs of the clusters 

for each k was computed (for example, if K = 3 the SD of 

(MSE cluster1, MSE cluster2, MSE cluster3) was calcu-

lated, and in a similar fashion for other values of k and the 

largest SD value was picked. Then, the corresponding k 

was chosen as the true number of clusters. In present 

study, k = 3 clusters resulted in maximum SD among all 

number of k; thus, the true number of clusters that make 

the best separation in the data was decided as 3. All anal-

yses were done in the R programming language Version 

4.0.1 (20, 21). 

 

Results 

Table 1 depicts the baseline demographic and clinical 

characteristics both totally and by clusters. The total num-

ber of the patients in this study was 9811, out of whom 

2144 were allocated to cluster 1, 4540 to cluster 2, and 

3127 to cluster 3. The overall mean age was 45.8 � 15.2 

years and 59.7% of the patients were women. The per-

centages shown in Table 1 are the cluster-specific per-

centages; for example, in cluster 1, 50% of the patients 

 
Table 1. Baseline demographic and clinical characteristics by cluster and totally 

Characteristics Cluster 1 Cluster 2 Cluster 3 Total 

Mean �SD     

Age 47.5 � 16.0 43.9 � 15.4 47.4 � 14.1 45.8 � 15.2 

Anxiety 
 

9.4 � 7.9 7.1 � 7.2 8.7 � 7.9 8.1 � 7.7 

N (%)     

Sex, female 
 

1324 (61.7%) 2671 (58.8%) 1859 (59.4%) 5854 (59.7%) 

Marital Status     

Single 369  (17.25) 702   (15.5%) 142   (4.5%) 1213 (12.4%) 
Married 1574 (73.4%) 3580 (78.8%) 2857 (91.4%) 8011 (81.6%) 

Divorced 35    (1.6%) 51     (1.1%) 13     (0.4%) 99     (1%) 

Widowed 
 

166  (7.7%) 207   (4.6%) 115   (3.7%) 488   (5%) 

Physical Activity     

Low 1050 (50%) 2135 (47%) 1481 (47.4%) 4666  (47.6%) 
Medium 802   (37.4%) 1673 (36.8%) 1193 (38.1%) 3668  (37.4%) 

High 

 

292   (13.6%) 732   (16.1%) 453   (14.5%) 1477  (15%) 

Cigarette Smoking, yes 

 

189   (8.8%) 391   (8.6%) 308   (9.8%) 888    (9%) 

Tobacco Smoking, yes 
 

225   (10.5%) 387   (8.5%) 241   (7.7%) 853    (8.7%) 

Diabetes     

Normal 1150 (53.6%) 3465 (76.3%) 2432 (77.8%) 7047  (71.8%) 
Pre-Diabetic 523   (24.4%) 957   (21.1%) 200   (6.4%) 1680  (17.1%) 

Diabetic 

 

471   (22.0%) 118   (2.6%) 495   (15.8%) 1084  (11%) 

Hypertriglyceridemia, yes 

 

782   (36.5%) 1225  (27.0%) 1073 (34.3%) 3080  (31.4%) 

Hypercholesterolemia, yes 
 

213   (9.9%) 362    (8.0%) 279   (8.9%) 854    (8.7%) 

BMI     

Underweight 81     (3.8%) 191    (4.2%) 104   (3.3%) 376    (3.8%) 
Normal 597   (27.8%) 1459  (32.1%) 967   (30.9%) 3023  (30.8%) 

Overweight 843   (39.3%) 1767  (38.9%) 1238 (39.6%) 3848  (39.2%) 
Obese 623   (29.1%) 1123  (24.7%) 818   (26.2%) 2564  (26.1%) 

Total Observation (n) 2144 4540 3127 9811 
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had a low level of physical activity, 37.4% a medium level 

of physical activity, and 13.6% a high level of physical 

activity. In the following. We interpreted the numbers in 

Table 1 in another way with the row percentage; for in-

stance, there were 1477 patients with a high level of phys-

ical activity and among them, 732 (almost 50% of all the 

people with a high level of physical activity,
���

����
) were 

allocated to cluster 2. However, 11% of diabetics were 

assigned to cluster 2, while 35% of those with hypertri-

glyceridemia were assigned to cluster 3, and so on. 

The regression coefficients of the overall multiple re-

gression model and the CLR model are represented in 

Table 2. In the overall multiple regression model, which 

was fitted on all the 9811 patients, the R-squared was 

41%; this means that the variance participation accounted 

by the model was 41%. Furthermore, 3 variables of mari-

tal status, diabetes, and hypercholesterolemia were not 

significant in the overall model. In this model, for each 1-

year increase in age, the ADS increased by 0.04. For each 

unit increase in the anxiety score, the mean score of de-

pression increased by 0.58. In addition, the mean depres-

sion score of women was 1.19 units greater than that of 

men. For people with a medium level of physical activity, 

the ADS decreased by 0.34 in comparison with those who 

had a low level of physical activity. This decreasing pat-

tern was found to be the same for people with a high level 

of physical activity by a 0.79 unit decrease in ADS com-

pared to those with low physical activity levels. As shown 

in Table 2, after the CLR model was fitted for k = 3 clus-

ters, the R-squared were 85%, 77%, and 85% for cluster1, 

cluster2, and cluster 3, respectively, which significantly 

increased compared to the overall model’s R-squared. 

Furthermore, the MSE was 8.5 for cluster 1, 4.95 for clus-

ter 2, and 6.47 for cluster 3; meanwhile, in the overall 

model, the MSE was 31.04. These 2 metrics (R-squared 

and MSE) suggested that the CLR technique could help in 

the fitting of more powerful models by clustering data into 

k clusters, each with a lower MSE than an overall model 

fitted for all data. In cluster 1, all the variables had a sig-

nificant effect on ADS, except for tobacco smoking and 

physical activity. However, married people had 8.53 units 

greater average depression score ADS, divorced people 

had 5.05 units greater ADS, and widowed people had 0.84 

units greater ADS in comparison with single participants. 

People with hypercholesterolemia also had further ADS, 

0.55 units greater than people with a normal level of cho-

lesterol. More details of regression coefficients of cluster 

1 are illustrated in Table 2. For cluster 2, all the variables 

significantly affected ADS, except for cigarette smoking, 

tobacco smoking, and hypertriglyceridemia. In contrast 

with cluster1, married people in cluster 2 had lower ADS 

(0.74 units of decrease) compared to single people. Dia-

betic people had a huge increase in ADS (16.84 units) 

compared to nondiabetic people. Moreover, the ADS for 

prediabetic people had a 0.73-unit increase compared to 

nondiabetic people. Further details concerning the regres-

sion coefficients of cluster 2 are shown in Table 2. In clus-

ter 3, all the variables had a significant effect on ADS, 

except for tobacco smoking, BMI, and hypercholesterol-

emia. In contrast to cluster 1 and cluster 2, in cluster 3, 

being married and widowed had a negative effect on ADS. 

Married people had 10.04 units of decrease in ADS com-

pared to single people, and widowed people had 2.59 units 

of decrease in comparison with the single people (Table 

2). 

Figure 1 represents the convergence curve of the R-

 

Table 2.  Regression coefficients for overall and CLR Model 

 Cluster 1 Cluster 2 Cluster 3 Overall Model 

Variable Coef. SE p-value Coef. SE p-value Coef. SE p-value Coef. SE p-value 

Intercept 5.86 0.45 <0.001 1.53 0.24 <0.001 15.21 0.37 <0.001 4.77 0.41 <0.001 

Age 0.03 0.006 <0.001 0.02 0.002 <0.001 0.03 0.004 <0.001 0.04 0.005 <0.001 
Anxiety 

 

0.55 0.008 <0.001 0.34 0.005 <0.001 0.52 0.006 <0.001 0.58 0.007 <0.001 

Sex, Female 1.60 0.16 <0.001 0.66 0.08 <0.001 1.39 0.11 <0.001 1.19 0.13 <0.001 
Marital Status  

Married 

 

8.53 

 

0.23 

 

<0.001 

 

-0.74 

 

0.11 

 

<0.001 

 

-10.04 

 

0.24 

 

<0.001 

 

-0.30 

 

0.20 

 

0.141 

Divorced 5.05 0.54 <0.001 1.49 0.33 <0.001 4.34 0.74 <0.001 2.01 0.59 0.001 
Widowed 0.84 0.36 0.021 2.33 0.21 <0.001 -2.59 0.35 <0.001 0.27 0.35 0.443 

Physical Activity 

Medium              

 

-0.34 

 

0.14 

 

0.012 

 

-0.28 

 

0.07 

 

<0.001 

 

-0.21 

 

0.10 

 

0.031 

 

-0.34 

 

0.12 

 

0.005 
High -0.37 0.20 0.064 -0.49 0.10 <0.001 -0.43 0.14 0.002 -0.79 0.17 <0.001 

Cigarette smoking, No -0.58 0.24 0.013 -0.21 0.13 0.087 -0.67 0.17 <0.001 -1.02 0.21 <0.001 

Tobacco smoking, No 0.33 0.22 0.138 -0.20 0.12 0.091 -0.07 0.18 0.685 -0.96 0.21 <0.001 
Diabetes,  

Pre-diabetic 

-8.69 0.17 <0.001 0.73 0.08 <0.001 7.54 0.20 <0.001 -0.48 0.16 0.002 

Diabetic -8.34 0.19 <0.001 16.84 0.22 <0.001 -6.19 0.13 <0.001 -0.33 0.19 0.086 
Hypertriglyceridemia, 

Yes 

-0.73 0.14 <0.001 -0.03 0.08 0.738 -0.41 0.10 <0.001 0.23 0.13 0.071 

Hypercholesterolemia, 
Yes 

0.55 0.22 0.009 0.42 0.13 0.001 0.29 0.16 0.082 0.25 0.21 0.219 

BMI, normal -0.73 0.35 0.043 -0.39 0.17 <0.001 -0.22 0.27 0.413 -0.92 0.31 0.003 

Overweight -1.58 0.37 <0.001 -0.58 0.18 0.001 -0.68 0.27 0.009 -1.48 0.31 <0.001 
Obese -1.89 0.36 <0.001 -0.76 0.18 <0.001 -1.01 0.27 0.002 -1.53 0.32 <0.001 

Total Observation (n) 2144 4540 3127 9811 

R-squared 0.85 0.77 0.85 0.41 
MSE 8.50 4.95 6.47 31.04 
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squared and the MSE values in all the 39 iterations of the 

CLR model. It could be clearly seen that the 39th iteration 

has the minimum overall MSE value. 

Table 3 shows the ADS in different levels of predictor 

 
 

Fig. 1. Convergence curve for overall R-squared and overall MSE in 39 iterations 

 

Table 3. Average depression score of different levels of predictor variables in 3 clusters and all data 

Variable Cluster 1 Cluster 2 Cluster 3 All data 

 ADS� SD p-value ADS� SD p-value ADS� SD p-value ADS� SD p-value 

Sex  <0.001  <0.001  <0.001  <0.001 

Male 11.5 � 6.7 3.1 � 3.5 8.9 � 5.7 6.7 � 6.1 

Female 15.1 � 7.8 5.3 � 5.2 12.1 � 7.0 9.7 � 7.7 

Marital Status      

Single 9.82 � 4.7 <0.001 3.5 � 3.3 <0.001 21.85 � 7.5 <0.001 7.61 � 7.4 <0.001 

Married 15.17 �  

7.7 

4.26 � 4.7 9.94 � 5.8 8.43 � 7.1 

Divorced 14.71 � 8.1 6.67 � 4.5 27.78 � 8.9 12.28 � 9.6 

Widowed 8.95 � 6.5 8.79 � 6.0 17.53 � 6.8 10.90 � 7.3 

Physical Activity   0.023  <0.001  <0.001  <0.001 

Low 13.76 � 7.6 4.71 � 5.0 11.30 � 6.7 8.84 � 7.3 

Medium 14.13 � 7.7 4.39 � 4.6 10.68 � 6.7 8.57 � 7.3 

High 12.73 � 7.3 3.46 � 3.7 9.70 � 6.3 7.21 � 6.7 

Cigarette Smoking  0.337  0.083  0.434  0.877 

No 13.71 � 7.7 4.43 � 4.7 10.86 � 6.7 8.49 � 7.3 

Yes 14.27 � 7.0 4.00 � 4.4 10.55 � 6.0 8.46 � 7.0 

Tobacco Smoking  0.316  0.671  <0.001  0.001 

No 13.70 � 7.6 4.40 � 4.7 10.68 � 6.5 8.42 � 7.2 

Yes 14.24 � 7.6 4.29 � 4.8 12.63 � 7.7 9.27 � 7.9 

Diabetes  <0.001  <0.001  <0.001  0.003 

Normal 17.26 � 7.8 3.69 � 3.1 11.25 � 6.0 8.52 � 7.3 

Pre-Diabetic 9.90 � 4.7 4.58 � 4.0 19.9 � 6.4 8.06 � 6.7 

Diabetic 9.50 � 5.0 23.41 � 6.5 5.09 � 4.7 9.00 � 7.4 

Hypertriglyceridemia  <0.001  <0.001  0.001  0.012 

No 14.43 � 7.8 4.16 � 4.2 11.14 � 6.8 8.37 � 7.3 

Yes   12.59 � 7.2 5.01 � 5.8 10.24 � 6.3 8.76 � 7.1 

Hypercholesterolemia  0.978  <0.001  0.504  0.002 

No 13.76 � 7.7 4.29 � 4.5 10.86 � 6.7 8.42 � 7.2 

Yes 13.75 � 7.2 5.55 � 5.8 10.57 � 6.5 9.24 � 7.2 

BMI   0.002  <0.001  <0.001  <0.001 

Underweight 15.28 � 8.1 3.84 � 2.9 14.30 � 8.6 9.20 � 8.3 

Normal 14.54 � 7.7 4.03 � 4.1 11.08 � 6.8 8.36 � 7.3 

Overweight 13.18 � 7.4 4.33 � 4.5 10.34 � 6.3 8.20 � 6.9 

Obese 13.60 � 7.7 5.05 � 5.7 10.85 � 6.6 8.98 �7.5 
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variables in the 3 clusters and all the data. In the marital 

status variable, the maximum ADS was 12.28 in the cate-

gory of divorced people in all data. The maximum ADS 

for married persons was 15.17 in cluster 1, 8.79 for wid-

owed people in cluster 2, and 27.78 for divorced people in 

cluster 3. In the diabetes variable, people with diabetic 

levels had the maximum ADS in all the data with the val-

ue of 9, yet the maximum ADS category differed in the 3 

clusters. Healthy persons had the highest ADS with a val-

ue of 17.26, diabetic people had the highest ADS with a 

value of 23.41, and prediabetic people had the highest 

ADS with a value of 19.9. The underweight people had 

the highest overall ADS of 9.20, followed by the under-

weight people in clusters 1 and 3 with 15.28 and 14.30, 

respectively, for the BMI variable. Meanwhile, in cluster 

2, obese people had the maximum ADS with the value of 

5.05. ADS for the other variables are shown in Table 3. 

Figure 2 demonstrates the ADS in the 3 clusters. The 

maximum ADS belonged to cluster 1 and the minimum 

ADS among the 3 clusters belonged to cluster 2. The 

 

Fig. 2. Average of depression score by cluster 

 

Fig. 3. Average of depression scores by sex, in three different clusters 
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mean depression score was 13.76 ± 7.6 in cluster 1, 4.39 ± 

4.7 in cluster 2, and 10.83 ± 6.7 in cluster 3. The overall 

equality test of ADS was significant with P = 0 and with 

pairwise comparison, we found statistically significant 

differences in ADS in any pairs of clusters (Fig. 2). Thus, 

to label our final clusters based on the findings of k = 3 

clusters, it can be noted that the 3 clusters classify indi-

viduals into 3 degrees of ADS: low (cluster 2), moderate 

(cluster 3), and high (cluster 1). Figure 3 exhibits the ADS 

by sex in 3 clusters. In all the clusters, the ADS of women 

was significantly greater than that of men (P values are 

shown in Fig. 3).  Finally, Figure 4 depicts the ADS by 

age categories in 3 clusters. In cluster 1, the age category 

of 35-54 years had the maximum ADS; in cluster 2, the 

age category of 55-80 years had the maximum ADS, and 

the maximum ADS belonged to the age category of 15-34 

years in cluster 3. According to Figure 4, the overall 

equality of ADS in age categories was significantly differ-

ent in all the clusters. Only the significant pairwise com-

parisons are shown in Figure 4. 

 

Discussion 

We conducted this cross-sectional analysis using data 

from the second phase of the Kerman Coronary Artery 

Diseases Risk Factors study (KERCADRS), which in-

cluded 9811 individuals aged 15 to 80 years in 2014-

2018.The relationship between depression and certain 

continuous and categorical predictor variables was inves-

tigated. Cluster-wise linear regression (CLR) was utilized 

to this end by clustering the individuals in the way that the 

multiple linear models in each cluster have the minimum 

MSE. The main benefit of the CLR method is that it helps 

to fit more accurate models. Particularly in big data with 

more heterogeneity, fitting only one model for the whole 

data set does not have enough accuracy and may lead to a 

high value of the MSE and a low value of the R-squared. 

In our study, we used both overall multiple linear regres-

sion and the CLR model and compared the results of these 

2 methods. There were some variables with a nonsignifi-

cant effect on ADS in the overall model, but a significant 

effect on the CLR method and vice versa. Furthermore, 

the maximum ADS for the whole data was in the age cat-

egory of 55-80 years; meanwhile, employing the CLR 

method, we found that in each cluster the age category 

with the maximum ADS was different.  

Numerous researchers have examined depression data 

using a variety of clustering techniques. Tomita et al em-

ployed geographical clustering to examine food insecurity 

in South Africa and its connection with depression. They 

detected regional variability in food insecurity on a na-

tional scale in South Africa and revealed that hotspots had 

a higher incidence of incident depression (22). Based on 

the 17-item Hamilton Rating Scale for Depression base-

line items, Kato et al used hierarchical cluster analysis 

with complete linkage to identify clusters of patients with 

major depressive disorder and to assess the efficacy of 

venlafaxine extended-release versus placebo, as well as 

the potential effect of dose on efficacy, in each cluster 

(23). Miller et al also used multilevel models to demon-

strate clustering of depression and inflammation in teen-

agers who had previously faced adversity in childhood. 

Vicent-Gil et al used a 2-step clustering methodology to 

find homogenous patient categories. The first phase in-

volves preclustering participants into tiny subgroups 

through a sequential clustering technique (24). The second 

phase takes the subclusters from the previous step as in-

puts and groups them into the optimal number of clusters 

using a hierarchical clustering method. Our method, CLR, 

 

Fig. 4. Average of depression scores by age categories, in three different clusters 
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has enough iterations to gain the minimum value of over-

all MSE and the individuals were clustered in the best 

way. 

To discuss ADS in levels of other variables, we could 

mention the studies below, which we compared to our 

study. Panagiotakos et al showed that the average of Cen-

ter for Epidemiologic Studies Depression Scale (CES-

Depression) score is higher in never married people com-

pared with married, divorced, and widowed people (25). 

St John et al also reported the relationship between marital 

status and depressive symptoms (26). In their study, the 

maximum CES-Depression score was observed in dissat-

isfied married people. In contrast, in our study, the maxi-

mum ADS belonged to divorced people in all the data and 

its level was different in the clusters as mentioned in the 

results section. Divorce has a detrimental impact on phys-

ical and psychological health on average for a variety of 

factors, including the social support received and the indi-

vidual's financial status. Milic et al studied the relation-

ship between cigarette smoking and depression of students 

in different locations of schools. The mean Beck Depres-

sion Index (BDI) score for ever-smoke students was statis-

tically greater than never-smoke students (27). In our 

study, cigarette smoking had no significant effects on 

ADS neither in all the data nor in the clusters. Cigarette 

smoking and depression may have a bidirectional associa-

tion, with occasional smoking initially reducing depres-

sion symptoms but eventually exacerbating them. Finally, 

there may in fact be no causal relationships between 

smoking and depression.  Given the short half-life of nico-

tine, smokers may also report that cigarettes reduce their 

symptoms, which has led to the impression that smoking 

improves their mood. De Wit et al found a U-shape rela-

tionship between depression and 4 categories of BMI. It 

means that the depression score in underweight and obese 

people is more than the 2 middle categories (28). In our 

study, we also observed the same pattern in the overall 

data. However, after CLR method, in clusters 1 and 3, 

there was an almost decreasing pattern in ADS within 

BMI categories. It means that the maximum ADS was 

observed in underweight people and the minimum ADS 

was in obese people. In contrast, in cluster 2, an increasing 

trend was found, which means the obese people had the 

maximum ADS and underweight people had the minimum 

ADS. Being underweight is as harmful to the mental state 

as being fat. Thus, health researchers should be as atten-

tive to underweight people since being underweight and 

obese both raise the risk of depression. Maintaining the 

appropriate weight through healthy eating and lifestyle is 

believed to be the best way. 

The study's primary flaw is that it is a screening study 

that depends on standardized assessments rather than clin-

ical evaluation by doctors utilizing diagnostic criteria. As 

a result, this is an anxiety and depression symptom survey. 

Of course, an epidemiological study with a high sample 

size would provide a platform for further research into the 

magnitude of the problem and the implementation of 

health intervention initiatives. 

 

 

Conclusion 

The findings of this cross-sectional study shed light on a 

number of characteristics linked to the average depression 

score. By grouping people into the appropriate groups, the 

CLR approach may identify the influence of these risk 

variables on ADS with more precision and accuracy. Ac-

cording to the findings, increasing public awareness of 

mental health issues and learning how to cope with them 

will change people's lives. In addition, it appears that do-

ing periodic needs assessments is essential for identifying 

vulnerable populations. Figures 2 and 4 are particularly 

important because we can see that in the first cluster (Fig. 

2), which has the highest level of depression score, there 

are 2144 people, which suggests that around 22% of peo-

ple in the age group of 35-54 years have high levels of 

depression. The third cluster, which has a medium degree 

of depression (Fig. 2), includes 3127 people (32% of the 

total population) who are in the age bracket of 15-34 years 

and have the highest level of depression in this cluster. 

This can serve as a signal that people in the third cluster 

with moderate depression are frequently young people in 

the community, and we should consider measures to pre-

vent depression in young people aged 15 to 34 years. 
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