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Abstract 
    Background: Tuberculosis is a principal public health issue. Reducing and controlling tuberculosis did not result in the expected 
success despite implementing effective preventive and therapeutic programs, one of the reasons for which is the delay in definitive 
diagnosis. Therefore, creating a diagnostic aid system for tuberculosis screening can help in the early diagnosis of this disease. This 
research aims to use machine learning techniques to identify economic, social, and environmental factors affecting tuberculosis. 
   Methods: This case-control study included 80 individuals with TB and 172 participants as controls. During January-October 2021, 
information was collected from thirty-six health centers in Ahvaz, southwest Iran. Five different machine learning approaches were used 
to identify factors associated with TB, including BMI, sex, age , marital status, education, employment status, size of the family, monthly 
income, cigarette smoking, hookah smoking, history of chronic illness, history of imprisonment, history of hospital admission, first-class 
family, second-class family, third-class family, friend, co-worker, neighbor, market, store, hospital, health center, workplace, restaurant, 
park, mosque, Basij base, Hairdressers and school. The data was analyzed using the  statistical programming R software version 4.1.1.  
   Results: According to the calculated evaluation criteria, the accuracy level of 5 SVM, RF, LSSVM, KNN, and NB models is 0.99, 
0.72, 0.97,0.99, and 0.95, respectively, and except for RF, the other models had the highest accuracy. Among the 39 investigated 
variables, 16 factors including First-class family (20.83%), friend (17.01%), health center (41.67%), hospital (24.74%), store (18.49%), 
market (14.32%), workplace (9.46%), history of hospital admission (51.82%), BMI (43.75%), sex (40.36%), age (22.83%), educational 
status (60.59%), employment status (43.58%), monthly income (63.80%), addiction (44.10%), history of imprisonment (38.19%) were 
of the highest importance on tuberculosis. 
   Conclusion: The obtained results demonstrated that machine-learning techniques are effective  in identifying economic, social, and 
environmental factors associated with tuberculosis. Identifying these different factors plays a significant role in preventing and 
performing appropriate and timely interventions to control this disease. 
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Introduction 
Tuberculosis(TB) is a significant public health concern 

and is currently recognized as the most fatal treatable infec-
tious disease in the world (1). As per the estimates of the 
World Health Organization (WHO), in 2020, 9.9 million 

individuals were infected with tuberculosis and this disease 
caused 1.3 million deaths (2). Worldwide, Eastern Mediter-
ranean region, Iran,and Khuzestan province had an inci-
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↑What is “already known” in this topic: 
Numerous  studies have investigated the factors affecting 
tuberculosis based on socio-demographic variables, and 
each of these studies has identified a few factors.   
 
→What this article adds: 

This study used a machine learning method and investigated 
economic, social, and environmental factors. Tuberculosis 
is influenced by 16 main factors, including first-class 
family, friends, health centers, hospitals, stores, markets, 
workplaces, history of hospital admission, BMI, sex, 
age,education, employment status, income, addiction, and 
history of imprisonment.  
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dence of  132, 114, 16, and 14.5 cases per 100,000 individ-
uals, respectively, in 2020, which has had a relatively slow 
decline compared to previous years (3, 4). 

Because the incidence of TB declines slowly, there is a 
renewed tendency to identify novel TB control measures. 
In addition to existing TB drugs, finding vaccines and de-
signing shorter regimens have been some strategies. How-
ever, knowing the factors that lead to TB in some people 
and not in others (risk factors) can help them focus more on 
finding new TB control strategies in public health (5). Re-
ported risk factors for tuberculosis include male gender, 
HIV infection, smoking, alcohol consumption, marital sta-
tus,comorbidities such as diabetes, cancer, the use of im-
munosuppressive drugs, family history of tuberculosis, 
overcrowding In different environments and places, and 
poor socio-economic status. The current effort to find, treat, 
and cure any person with this disease is not enough (6, 7). 
There is a need to re-examine the socio-economic and en-
vironmental factors and understand the effective factors to 
adjust TB control policies. Recent studies have revealed 
that  TB can be transmitted in crowded environments 
among households that are not related.These findings sug-
gest that the transmission of tuberculosis may occur during 
exposure to infectious cases in social settings (8). 

Identifying social sites associated with TB may help 
monitor public health, increase case findings, and identify 
areas that may reduce tuberculosis and the risk of transmis-
sion due to exposure to environmental interventions, such 
as UV radiation or improved air conditioning, exposure to 
the disease (9). The use of totally non-parametric machine 
learning models is growing in a variety of scientific disci-
plines. The principal purpose of this model is to determine 
the influential factors, the relationships between them, and 
prediction and estimation. This topic plays a substantial 
role in medicine and health data analysis because of the 
data type (10). This research aims to use machine learning 
techniques to identify and investigate economic, social, and 
environmental factors affecting tuberculosis. 

 
Methods 
Study population 
Employing a case-control study, the risk factors associ-

ated with TB were evaluated. The subjects selected for the 
study were newly registered pulmonary TB patients with 
bacteriological confirmation who were over the age of 18 
and presented at thirty-six health centers in Ahvaz, south-
west Iran, between January and October 2021. The controls 
were those individuals with health issues other than TB 
who presented to the same health centers. The cases and 
controls were matched in age (within 5-year age bands). 

The inclusion criteria for the case and control groups 
were as follows: TB patients over 18 years old with a posi-
tive culture of Mycobacterium tuberculosis who had TB 
treatment records in the health centers under auspi-
cious.Controls  were individuals over the age of 18 who did 
not suffer from tuberculosis. Both groups lived in areas 
covered by health centers in Ahvaz. The exclusion criteria 
for both the case and control groups were as follows: indi-
viduals under the age of 17 and those who suffered from 
mental disabilities or severe mobility limitations. 

Sample size and sampling method 
The sample size of 80 cases and 172 controls was esti-

mated based on the following: the data available in previous 
studies, using the formula for determining the sample size 
in analytical studies and taking into account the level of 
confidence 95% and the power of the test 80%, with a 2:1 
control to case ratio, using Stata 13.0 software. The sam-
pling was conducted using an easy non-probability method 
for both groups. Since the beginning of the study, all the 
people who met the criteria for entering the study were se-
lected as a sample. This procedure continued until the final 
size of the study sample was reached. 

 
Data collection 
Face-to-face interviews, standard forms, and checklists 

were the tools for data collection. This study examined fac-
tors associated with tuberculosis, including age, sex, BMI, 
marital status, education, employment status, size of the 
family, monthly Income, cigarette smoking, hookah smok-
ing, history of chronic illness, history of imprisonment, his-
tory of hospital admission, first-class family, second-class 
family, third-class family, Friend, co-worker, neighbor, 
market, Store, hospital, health center, workplace, restau-
rant,  park, mosque, basij base, hairdresser and school. The 
results of this study are included in the thesis, while the 
other part is published in a different journal (11).  

 
Statistical analysis 
We depicted the descriptive properties of the data 

through the frequency (percentage) and mean (standard er-
ror) for categorical and continuous variables, respectively. 
After checking the normality of data distribution and com-
paring the mean of observation across the categories of the 
response, an independent samples t-test was utilized.An in-
dependent chi-square was employed to evaluate the inde-
pendence of categorical variables from the final result.  

Classification algorithms are used in Machine Learning 
to predict the class label of a given data point. The main 
advantages of using Machine Learning in datasets with a 
relatively higher number of variables to the sample size are 
bias reduction due to robustness toward different sets of 
data, improving accuracy due to cross validation and itera-
tive computations in background, the higher capability of 
determining complex patterns and correlations in the da-
taset among the variables, and the ability to make a predic-
tion. It has been widely argued that the application of Ma-
chine Learning approaches in small sample data is associ-
ated with higher classification accuracy (12, 13).  

Five different machine learning approaches were used for 
classification, including Random Forest(RF), Support Vec-
tor Machine(SVM), Least Square Support Vector Ma-
chine(LSSVM), K-Nearest Neighborhood (KNN), and Na-
ïve Bayes (NB). In RF, the dataset is subject to sampling to 
shape the trees through substitution, and random combina-
tions of predictors are selected at the nodes. LSSVM is a 
theory of statistical learning that takes a linear function 
from least squares as a function of loss. The KNN classifi-
cation generally focuses on the Euclidean distance the train 
samples defined and a test set and it was built based on the 
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need for discriminating where accurate parametric esti-
mates of likelihood densities became uncertain or difficult 
to evaluate. The well-known Bayes’ theorem, which fol-
lows a clear, simple, and very fast classifier, is used to cre-
ate the Naïve Bayes classification model (because of mutu-
ally independent attributes assumption) (14). 

Numerous metrics, including specificity,  sensitivity, 
negative predictive value (NPV), positive predictive value 
(PPV), and overall accuracy, were utilized to evaluate the 
discriminative quality of the computational models. The 
dataset was divided into test sets (30% of individuals) and 
train sets (70% of individuals), each containing 176 and 76 
individuals, respectively. The assessment criterion was 
listed as  the average of the 500 iterations after we validated 
each model 500 times. 

The statistical programming R software version 4.1.1 
(http://www.R-project.org) packages, including random-
Forest, naïve Bayes, e1071, rpart, ipred, rminer, caret, ada-
bag, magrittr, qwraps2, CORElearn, MASS, mda, klaR, 
and MASS were utilized to analyze the data. The type one 
error was assumed to be 0.05. 

 
Results 
The participants were 80 cases and 172 controls. The pa-

tients' mean age was 34.1 (±15.3) years old, while  the con-
trols' was 32.5 (±12.0) years old. Table 1 depicts that 77.5% 
of the cases and 51.7% of the controls were male. Primary 

education was recorded in 51 of the cases (63.8%) and 36 
(20.9%) of the controls, and about 38 (47.5%) of the cases 
and 74 (43%) of the controls had a formal job. Five percent 
of cases had a monthly income of between $ 200-100, and 
60 (34.9%) of the controls had a monthly income exceed-
ing. Among patients with tuberculosis, 44(55%) and in the 
control group 22 (12.8%) had a history of hospitalization. 
The history of addiction and imprisonment was between 
24(30%) and 21 (26.3%) in the cases, while in the control 
group, it was 2 (1.2%) and 1 (0.6%), respectively (Table 1). 

In Table 2, five machine learning models, SVM, RF, 
LSSVM, KNN, and NB, are used to detect 39 factors af-
fecting tuberculosis. As can be seen in this table, the re-
searcher compared these five models in terms of accu-
racy(ACC), area under the curve(AUC), negative predic-
tive value (NPV), positive predictive value (PPV),  speci-
ficity, and  sensitivity. Except for RF, in other models, the 
best value is highlighted. Accuracy has been used to com-
pare these models. The four models, SVM, KNN, LSSVM, 
and NB, had the highest accuracy of 0.99, 0.99, 0.97, and 
0.95, respectively. 

Table 3 shows the significance of the variables that are 
most important for tuberculosis according to the Naïve 
Bayes model.This model showed that among social con-
tacts, first-class family (20.83%) and friend (17.01%) and 
spatial contacts,health center (41.67%), hospital (24.74%), 
store (18.49%), market (14.32%), and workplace (9.46%) 

 
Table 1. Patients’ characteristics in the case and control groups 

Variable Cases (N=80) Controls (N=172) P-value 
Age, mean (SD) 34.1 (±15.3) 32.5 (±12.0) 0.080 
Sex, n (%) Male 62 (77.5%) 89 (51.7%) <0.001 

Female 18 (22.5) 83 (48.3) 
BMI, n (%) Underweight 22 (27.5) 9 (5.2) <0.001 

Normal 45 (56.3) 114 (66.3) 
Overweight 9 (11.3) 30 (17.4) 
Obese 4 (5.0) 19 (11.0) 

Marital status, n (%) Single 24 (30.0) 47 (27.3) 0.620 
Married 49 (61.3) 113 (65.7) 
Divorced 3 (3.8) 10 (5.8) 
Widowed 4 (5.0) 2 (1.2) <0.001 

Educational status, n (%) Illiterate 16 (20) 2 (1.2) 
Read and Write 13 (16.3) 3 (1.7) 
Up to elementary 23 (28.7) 31 (18.0) 
Secondary school 15 (18.7) 47 (27.3) 
College or more 13 (16.3) 89 (51.7) 

Employment Status, n (%) Employed 38 (47.5) 74 (43.0) <0.001 
Unemployed 42 (52.5) 98 (57.0) 

Size of the family, n (%) < 2 25 (31.2) 21 (12.2) <0.001 
2-4 48 (60.0) 133 (77.3) 
>4 7 (8.8) 18 (10.5) 

Monthly Income, n (%) Less than $100 24 (30.0) 21 (12.2) 0.040 
 $100-200 26 (32.5) 59 (34.4) 

$200-300 18 (22.5) 32 (18.6) 
More than $300 12 (15.0) 60 (34.9) 

Cigarette smoking, n (%) 
 

Yes 34 (42.5) 31 (18.0) <0.001 
No 46 (57.5) 141 (82.0) 

Duration of Cigarette smoking (year), n 
(%) 
 

<1 7 (8.8) 12 (6.9) <0.001 
1-3 10 (12.5) 10 (5.8) 
>3 16 (20.0) 9 (5.2) 

Hookah smoking, n (%) 
 

Yes 10 (12.5) 29 (16.9) 0.372 
No 70 (87.5) 143 (83.1) 

Duration of hookah smoking, n (%) 
 

<1 1 (1.3) 5 (2.9) 0.721 
1-3 2 (2.5) 5 (2.9) 
>3 8 (10.0) 19 (11.1) 
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were of the highest importance. Among the demographic 
and other variables related to tuberculosis, history of hos-
pital admission (51.82%), BMI (43.75%), sex (40.36%), 
age (22.83%), education (60.59%), employment status 
(43.58%), income (63.80%), addiction (44.10%), history of 
imprisonment (38.19%) had the greatest impact on tuber-
culosis. 

 
Discussion 
This study aimed to investigate the risk factors affecting 

tuberculosis using machine learning techniques.In the sta-
tistical analysis of our paper, five classification methods of 
RF, SVM, LS-SVM, NB, and KNN were compared using 
Accuracy criteria. Except for RF, other classification meth-
ods performed well. In this study, factors such as first-class 
family, friend, health center, hospital, store, market, work-
place, history of hospital admission, BMI, sex, age, educa-
tional status, employment status, income, addiction, and 
history of imprisonment were of the highest importance in 

relation to tuberculosis. 
The high incidence of tuberculosis in many countries can 

be ascribed to the country's socio-demographic, economic, 
and environmental characteristics, such as poverty, lack of 
knowledge, attitudes, and practices, overcrowding in vari-
ous places, malnutrition, comorbidities, etc (15). A com-
prehensive understanding of epidemiological factors is cru-
cial in developing  national policy and directing health re-
sources to control TB transmission and guarantee improved 
patient management. Since there is no single factor that can 
be fully  ascribed to the occurrence of tuberculosis and 
there is a gap in information about the factors affecting the 
incidence of tuberculosis, it has been tried to examine var-
ious demographic, social, economic, and environmental 
factors in this study. Socio-demographic characteristics of 
the study participants showed that the mean age of patients 
was 34 years old (range 19-49) and also for the control 
group was 32 (range 20-44). In general, the findings are in 
accordance with other studies that have documented a rapid 

Table 1. Continued 
Variable Cases (N=80) Controls (N=172) P-value 
History of chronic illness, n (%) 
 

Yes 50 (62.5) 54 (31.3) <0.001 
No 30 (37.5) 118 (68.6) 

History of addiction, n (%) Yes 
 

24 (30.0) 2 (1.2) <0.001 

NO 
 

56 (70.0) 170 (98.8) 

History of imprisonment, n (%) 
 

Yes 
 

21 (26.3) 1 (0.6) <0.001 

No 
 
 

59 (73.7) 171 (99.4) 

History of hospital admission, n (%) Yes 44 (55.0) 22 (12.8) <0.001 
No 36 (45.0) 150 (87.2) 

Contact Type, n (%) First-class family 421 (30.0) 667 (29.7) <0.001 
Second-class family 245 (17.5) 502 (22.3) 
Third-class family 85 (6.0) 221 (9.8) 
Freind 380 (24.5) 410 (20) 
Co-Worker 215 (14) 480 (24) 
Neighbor 70 (2.5) 120 (6) 

Place of Contact, n (%) Market 231 (22.8) 255 (16.6) <0.001 
Store 178 (17.6) 254 (16.5) 
Hospital 51 (5.0) 67 (4.3) 
Health center 150 (14.8) 277 (17.9) 
Workplace 201 (19.9) 529 (34.4) 
Restaurant 30 (2.9) 67 (4.3) 
Park 26 (2.6) 33 (2.1) 
mosque 55 (5.4) 96 (6.2) 
Basij base 12 (1.2) 21 (1.4) 
Hairdresser's 62 (6.1) 140 (9.0) 
school 13 (1.3) 54 (3.5) 

 
Table 2. A comparison of the Five applied Machine Learning techniques using the accuracy measures 

Tools 
 

Set 
 

Methods 
Tool (95% confidence interval) 

 
 
RF 

 
 

Train 

Sensitivity Specificity Positive predic-
tive value (PPV) 

Negative predic-
tive value (NPV) 

The area under 
the curve (AUC) 

Accuracy (ACC) 

0.80 (0.79-0.80) 0.64 (0.63-0.64) 0.95 (0.94-0.95) 0.28 (0.27-0.29) 0.78 (0.78-0.78) 0.72 (0.71-0.72) 
RF Test 0.76 (0.75-0.76) 0.66 (0.59-0.74) 0.99 (0.99-0.99) 0.04 (0.03-0.05) 0.75 (0.75-0.76) 0.71 (0.67-0.75) 
SVM Train 1.00 (1.00-1.00) 0.98 (0.98-0.99) 0.99 (0.99-0.99) 0.94 (0.92-0.96) 1.00 (0.99-1.00) 0.99 (0.99-0.99) 
SVM Test 1.00 (1.00-1.00) 0.99 (0.99-1.00) 1.00 (0.99-1.00) 0.94 (0.92-0.96) 1.00 (1.00-1.00) 0.99 (0.99-0.99) 
LSSVM Train 0.98 (0.96-0.99) 0.97 (0.96-0.98) 0.99 (0.98-0.99) 0.95 (0.92-0.98) 0.98 (0.96-0.99) 0.97 (0.96-0.99) 
LSSVM Test 0.98 (0.96-0.99) 0.97 (0.96-0.98) 0.99 (0.98-0.99) 0.95 (0.92-0.98) 0.97 (0.96-0.98) 0.97 (0.96-0.98) 
NB Train 0.99 (0.99-1.00) 0.98 (0.98-0.99) 0.99 (0.99-0.99) 0.99 (0.99-0.99) 0.99 (0.99-0.99) 0.99 (0.99-0.99) 
NB Test 0.97 (0.96-0.97) 0.94 (0.92-0.96) 0.97 (0.96-0.98) 0.93 (0.91-0.94) 0.96 (0.95-0.97) 0.95 (0.94-0.97) 
KNN Train 1.00 (1.00-1.00) 1.00 (1.00-1.00) 1.00 (1.00-1.00) 1.00 (1.00-1.00) 1.00 (1.00-1.00) 1.00 (1.00-1.00) 
KNN Test 1.00 (1.00-1.00) 0.94 (0.92-0.96) 0.99 (0.99-1.00) 1.00 (1.00-1.00) 1.00 (0.99-1.00) 0.99 (0.99-1.00) 
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rise in morbidity and mortality due to TB in this young 
adult population, mainly between 18 and 51 years old . The 
elevated probability of infection in this age group is related 
to the increased number of social contacts in the community 
during adolescence. This study showed that the majority 
(55.5%) were male and (45.5%) were female. A similar 
finding was observed in other studies in which 60.5% and 
57.5% of the participants were male and female (16). In this 
study, a history of addiction and imprisonment were more 
reported among patients than in the control group.Other 
studies have reported similar results. In a study by Gabriel 
et al. in Malaysia, the results showed that the imprisonment 
history was 88% among patients and 36% among healthy 
individuals (17). In this study, monthly household income 
for cases was lower than in the control group, which was 
consistent with a study by Wondemagegn et al. (16). In de-
veloping countries, the majority of impoverished families 
are confronted with financial constraints that result in pov-
erty, malnutrition, poor health, overcrowding, reduced atti-
tudes toward health care, and the cycle of an agent-host en-
vironment that is vicious and increases the risk of infectious 
diseases such as tuberculosis. Overcrowding in different 
places can be a strong risk factor for tuberculosis (18). 

Patients with a history of previous hospitalization were 

more than four times more likely to develop tuberculosis 
than patients without a history of previous hospitalization. 
This indicates that visiting health centers is a risk factor for 
tuberculosis, which suggests the necessity  of establishing  
a robust infection control strategy in health centers. As per 
a longitudinal study, the hospital-acquired infection inci-
dence rate was 28.15% (95%C.I:24.40, 32.30) per 1000 pa-
tient days, whereas the overall prevalence was 19.41% 
(95%C.I:16.97–21.85), Furthermore, pneumonia and other 
respiratory tract infections were ranked among the top ten 
diseases (19). Therefore, the transmission of the infection 
is common in the hospital, and people with a history of hos-
pitalization have a higher chance of being infected during 
their stay. People who have been admitted for a longer pe-
riod or more frequently are at a higher risk (20). 

Other results of this study showed that different places 
such as health centers, hospitals, workplaces, markets, and 
shops had the highest association with tuberculosis and 
may be potential sites of transmission. The categorical anal-
ysis showed that healthcare locations are the first junctions 
and are undoubtedly important locations for infection con-
trol. Our findings are substantiated by previous studies that 
have identified healthcare settings as high-risk environ-
ments for the transmission of TB. These findings highlight 

Table 3. The importance of variables based on Machine Learning methods 
Variable 
 

RF Mean De-
crease Accu-

racy 

RF Mean 
Decrease 

Gini 

Naïve 
Bayes 

 

LSSVM (Stand-
ardized Im-
portance) 

KNN (Attrib-
ute Evalua-

tion) 
 

SVM 
 

Health center  0.006 2.094 41.67 1.82 -0.001 7.47 
Hospital 0.000 0.472 24.74 1.82 -0.002 0.12 
Store 0.001 0.970 18.49 0.00 0.005 8.26 
Market -0.001 0.643 14.32 0.00 0.009 6.99 
Hairdresser's 0.000 0.482 7.03 0.00 0.002 1.05 
Restaurant 0.000 0.143 0.61 0.00 0.002 7.01 
Park 0.000 0.007 2.95 0.00 0.000 4.88 
Workplace 0.000 0.192 9.46 0.00 0.001 0.88 
Basij base 0.000 0.050 2.86 0.00 0.000 1.52 
mosque  0.000 0.257 6.94 0.00 0.000 0.50 
school 0.000 0.032 1.74 0.00 0.000 0.47 
First-class family 0.000 0.296 20.83 0.00 0.000 1.29 
Second class family 0.000 0.384 1.13 0.00 0.001 1.50 
Third class family 0.001 0.540 0.17 0.00 -0.003 0.22 
Freind 0.001 0.480 17.01 0.00 0.001 7.52 
Co-Worker 0.001 0.458 8.25 0.00 0.004 0.09 
Neighbor 0.000 0.297 8.33 0.00 0.000 5.53 
BMI 0.002 1.077 43.75 0.00 0.001 0.30 
sex 0.001 0.272 40.36 0.00 0.000 1.10 
age 0.002 1.559 22.83 0.00 0.003 10.81 
Marital status 0.000 0.218 4.51 0.00 0.000 0.43 
Educational status 0.008 2.820 60.59 0.00 0.014 1.23 
Employment Status 0.006 2.102 43.58 0.00 0.011 0.65 
Size of the family 0.002 0.629 6.42 0.00 0.002 0.34 
Monthly Income 0.001 0.645 28.13 0.00 0.001 0.55 
Cigarette smoking 0.000 0.432 63.80 0.00 -0.002 0.79 
Duration of Cigarette smoking (year) 0.000 0.361 3.13 0.00 0.000 0.09 
heart attack 0.000 0.070 5.90 0.00 0.000 0.13 
stroke 0.000 0.024 2.95 0.00 0.000 0.03 
Diabetes 0.000 0.165 6.34 0.00 0.003 0.12 
Kidney failure 0.000 0.102 4.77 0.00 0.001 0.48 
Chronic Pulmonary 0.000 0.023 1.13 0.00 0.000 0.07 
cancer 0.000 0.071 5.90 0.00 -0.001 0.07 
HIV 0.000 0.000 4.77 0.00 0.000 0.35 
Hepatitis C 0.000 0.014 7.73 0.00 0.000 0.20 
History of addiction 0.008 1.917 44.10 0.00 0.011 1.45 
History of  imprisonment 0.003 0.945 38.19 0.00 0.007 1.80 
History of hospital admission 0.009 2.297 51.82 0.00 0.006 1.46 
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opportunities for health ministries to decrease community 
exposure to transmission risk by implementing environ-
mental improvements,  such as enhanced ventilation and 
UV irradiation at these venues (21). Reducing transmissi-
bility in TB hotspots by targeting environmental interven-
tions in areas where the risk of exposure to the disease is 
high may have significant community advantages. The 
workplace has been reported as another important contact 
point for the community,and possible causes may be poor 
ventilation, long-term and close exposure to infections. The 
results of our study are similar to the studies reviewed by 
Chamie et al. (22). According to the findings, implement-
ing environmental interventions throughout the visited sites 
and avoiding focus on  areas with low risk of TB exposure 
is necessary (23). 

Among social contacts between individuals, family his-
tory among first-class relatives and close friends was of the 
most importance.This is similar to a study by Shimeles et 
al., the results of which showed that among the sick people 
who were exposed to patients with active TB, 18.1% were 
exposed to a family member and 7.3% to friends who were 
infected with TB (24). 

 
Strength of the study 
First, standard checklists are used, and interviews are 

carefully conducted by the researcher. Second, this study 
used appropriate statistical tools and techniques to find the 
relationship and impact of selected demographic, socio-
economic, and environmental factors. 

Limitations of this study 
First, proxy interviews were required for some partici-

pants because they were either very ill or poorly educated. 
Second, we obtained information from participants about 
one month before the start of the study. Thus, recall bias is 
inevitable and potentially affects the results. 

 
Conclusion 
This study employed machine learning methods to iden-

tify the effective economic, social, and environmental fac-
tors in tuberculosis. The researcher used five models, RF, 
SVM, LS-SVM, NB, and KNN, and except for RF, the rest 
of the models had the highest accuracy. In the final analy-
sis, the study identified 16 key risk factors for tuberculosis, 
including BMI, sex, age, educational status, employment 
status, income, addiction, history of imprisonment, history 
of hospital admission, as well as contact with first-class 
family and friends and various places including a health 
center, hospital, store, market, workplace. Hence, it is es-
sential that TB control efforts incorporate a strategy that 
prioritizes socio-economic concerns such as overcrowding 
and poverty. Furthermore, preventing the transmission of 
TB requires significant measures to control infection at the 
level of  healthcare facilities and other places. 
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