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Abstract. Tuberculosis (TB) is a contagious epidemic globally. Based on environmental
and socio-economic data, this study aims to develop a spatial model and investigate the
factors influencing the spread of pulmonary TB cases. Using the GWR method, this study
analyzes influencing aspects and estimates the total of pulmonary TB cases in Indonesia
involving seven variables: population density, poverty index, number of health facilities,
medical personnel, rainfall, solar radiation, and road network. The results show that the
model is accurate with R? values of 0.953 and adjusted R? values of 0.940. Spatial analysis
shows that Indonesia has an average number of pulmonary TB patients with 4,856 cases.
Several factors dominate the distribution of pulmonary TB cases in Indonesia: population
density, poverty index, number of health facilities, medical personnel, road network,
rainfall, and solar radiation. The resulting GWR model can explain the dependent variable
by more than 90%. Environmental and socio-economic variables can be adopted to develop
spatial models of infectious diseases at an urban level.
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1. Introduction

The bacillus Mycobacterium tuberculosis causes tuberculosis that affects the lungs
(pulmonary TB) [1]. This disease is one of the dominant causes of death globally [2].
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Geographically, in 2020, there are 30 countries with high TB rates, accounting for 86% of 1.2
million of them all estimated TB cases in the world, and several countries contributing the
highest TB cases of the global total: India with 26% of cases, China with 8.5% of cases,
Indonesia with 8.4% of cases, Philippines with 6.0% of cases, Pakistan with 5.8% of cases,
Nigeria with 4.6% of cases, Bangladesh with 3.6% of cases and South Africa with 3.3% of cases
[2].

According to WHO data (2020) [3], 10 million global population endure from tuberculosis,
and 1.2 million of them die yearly. Indonesia has an approximated number of people sick with
tuberculosis reaching 845,000 with a death rate of 98,000. Several studies mention the factors
that cause pulmonary TB, including geographic factors [4,5], environmental factors [6], and
socio-economic factors [5—7], population [8,9], which affect the incidence rate of tuberculosis
in an area.

Therefore, this study aims to develop a GWR with sufficient accuracy and conduct an in-
depth exploration of the distribution aspects of pulmonary TB based on environmental and
socio-economic data. The novelty of this research is developing an accurate GWR model based
on environmental and socio-economic data and an in-depth exploration of the spatial disparity.

2. Materials and Methods
2.1 Study Area

Indonesia has high number of tuberculosis cases in Southeast Asia. Geographically, in 2020
Indonesia will be the third largest contributor of TB cases globally, namely 8.4% of cases of the
estimated 86% of all incident TB cases worldwide [2].

2.2 Data

This study used two classes of data: socio-economic and environmental (Table 1).

Table 1. Data analyzed in this research

No Data Classification Year References
1 Pulmonary TB Cases Socio-economic 2020 [10]
2 Population Density Socio-economic 2020 [10]
3 Poverty Index Socio-economic 2020 [10]
4 Health Facilities Socio-economic 2020 [10]
5 Medical Personnel Socio-economic 2020 [10]
6 Rainfall Environmental 2020 [11]
7 Solar Radiation Environmental 2020 [11]
8 Road Network Environmental 2020 [11]




2.2.1 Socio-economic data

Population density shows the level of distribution of the population of an area. The
population density figure shows the average number of people per 1 km? [10]. Pulmonary TB
cases are data of pulmonary TB sufferers in 2020 [10]. The poverty index is an index that shows
the minimum amount of budget needed to meet basic food and beverage needs and non-food
basic needs [10]. Health facilities are data on the number of health facilities and health centers
in Indonesia [10]. Medical personnel data on medical personnel in health facilities in Indonesia
are sourced from the Health HR Information System Indonesia [10]. The road network is road
length data by the province in kilometers (km) sourced from the Ministry of Public Works and
Public Housing in Indonesian Statistics 2021 [11].

2.2.2 Environmental data

Rainfall is data on the amount of rainfall in millimeters (mm) sourced from the
Meteorology and Geophysics Agency in Statistics Indonesia 2020 [11]. Solar radiation is data
on the duration of solar radiation sourced from the Meteorology and Geophysics Agency in
Statistics Indonesia 2020 [11].

2.3 Methodology
2.3.1 Ordinary Least Square (OLS)

OLS is a spatial regression method used to estimate spatial dependency in regression,
test significance, and provide information on the spatial relationship between parameters
[12,13]. The ordinary Least Square model is shown in equation (1).

Yi=fo+ f1X1i+ f2X2i + -+ BnXni + & 1)

Where Y; represents the predicted, X1; , X2i ,... Xni represents predictor, €; represents an
error, o, and 34 ... By, represents intercept and coefficient respectively [14].

2.3.2 Geographically Weighted Regression (GWR)

GWR is a local regression technique used to measure how strong the correlation between
a predicted variable and the predictor variable differs from one location to another. GWR
collects adjacent data for each location to perform local regression, yielding estimates of local
regression coefficients for each predictor variable [16]. Equation (2) shows the Geographically
Weighted Regression function.

Yi = Bo(u,vi) + B1(ui vi)X1i + Ba(usy vi) Xz + - + Bu(ui, vi)Xni + & (wy, vi) (2)

Where Bo(u;, vi), B1(us, v1) ... Bn(uy, v;) Furthermore, &(u;, v;) represent intercept,
coefficient, and local error estimation, respectively, calculated by the spatial location-weighted
OLD model i(ui, vi) [14]



3. Result and Discussion
3.1 Correlation and Ordinary Least Square (OLS)

In general, the relationship between cases of pulmonary TB and each variable is
illustrated through a scatter plot and correlation coefficient in Figure 1. Based on the seven
variables involved in this study, the poverty index variable (0.928), the number of health
facilities (0.949), and the number of medical personnel (0.955) have a very significant
relationship. In comparison, several other significant variables include population density
(0.255) and the number of roads (0.627). In contrast, several variables were considered
insignificant in pulmonary TB cases, including rainfall (0.109) and solar radiation (0.060).
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Figure 1. Scatter plot of pulmonary TB cases with each independent variable

Table 2. is the overall statistical test result for the OLS model. Based on the coefficient
value, it can be observed that all variables have a positive influence. Several statistically
significant and essential variables for the model are the poverty index, health facilities, and
medical personnel. In addition, the seven variables used show VIF values ranging from 1.352
to 3.678. Based on Table 2, the multiple R?, adjusted R?, and AICc values obtained are 0.953,
0.940, and 611.862, respectively. Meanwhile, statistical probability indicators, including F-
Statistic, Koenker (BP) statistic, Joint Wald Statistics, and Jarque-Bera statistic, show values of
75,233, 1532,262, 0.301, and 14,225.



Table 2. Statistical Summary of OLS Result
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Equation (3) presents seven variables used to predict pulmonary TB cases.
Y; =1998.676 — 0.034X,; + 0.183X,; + 15,709X;; + 0,123 X,; — 0.027X5; —
37.448X,; — 0,145X,; (3)



Seven independent variables are population density (X;), poverty index (X), health
facilities (X3), medical personnel (X4), rainfall (Xs), solar radiation (Xs), and road network (X7).

3.2 Pulmonary TB Cases Estimation Using GWR

The estimation of pulmonary TB cases based on GWR processing is divided into five
classes, as shown in Figure 2. The very high class has a range of cases from 10577-25861, the
high class has a range of cases from 6070-10576, the middle class has a range of cases from
3491-6069, the low class has a range of cases from 1467 to 3490, and very low class has a range
of cases from 21 to 1466.

Indonesia has a positive smear-positive pulmonary tuberculosis rate with an average of
4.856 cases. Several provinces have a very high number of pulmonary TB cases, with more than
10,000 cases located in the Provinces, DKI Jakarta, West Java, Central Java, and East Java. The
dominant aspects of pulmonary TB cases in Indonesia are the effects of population density,
poverty index, number of health facilities, medical personnel, road network, rainfall, and solar
radiation. In addition, several provinces were also observed to have a very low number of cases,
including Bengkulu, Belitung Islands, Riau Islands, Central Kalimantan, North Kalimantan,
West Sulawesi, Gorontalo, North Maluku, and West Papua.
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Figure 2. Map of the estimated number of pulmonary TB cases in Indonesia
4. Conclusions

Developing a spatial model of positive smear pulmonary tuberculosis cases using GWR in
Indonesia based on environmental and socio-economic variables resulted in an excellent model
with multiple R? values of 0.953 and adjusted R? values of 0.940. The resulting GWR model
can explain the dependent variables by more than 90%. Therefore, several independent variables
used in this study can be adopted for further model development. Based on the OLS, the
resulting model is statistically significant with insignificant heteroscedasticity and non-
stationarity, and the residuals are distributed normally and have no bias.
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