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ABSTRACT — The transmission of Coronavirus diseases 2019 (Covid-19) grows continuously around the world. Although a
number of researches of modelling Covid-19 cases have been conducted, there was limited research implementing the Bayesian
Spatial Conditional Autoregressive (CAR) model. Factors affecting the Covid-19 risk especially population density and distance to
the capital city have been studied, but the results are inconsistent and limited research has been done in Indonesia. This study aims
to assess the most appropriate Bayesian spatial CAR Leroux models and examine factors that affect the risk of Covid-19 in South
Sulawesi Province. Data on the number of Covid-19 cases (19 March 2020 - 31 January 2022), population density, and distance to the
capital city were used for every 24 districts. Several criteria were used in choosing the most appropriate model. The results depict
that Bayesian spatial CAR Leroux with hyperprior IG (1, 0.01) model with the inclusion of population density were preferred. It is
concluded that a factor that significantly affects the number of Covid-19 cases is population density. There was a positive correlation
between the population density and Covid-19 risk. Makassar city has the highest relative risk (RR) among other districts while Bone
has the lowest RR of Covid-19.

Keywords— Poisson, Bayesian, Spatial, Conditional Autoregressive (CAR)
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. INTRODUCTION

The transmission of Coronavirus diseases 2019 (Covid-19) grows continuously across the globe. The first Covid-19 case
in Indonesia was reported on March 2, 2020. It was reported that Indonesia has 4,353,370 confirmed Covid-19 cases,
4,140,454 people recovered, and 144,320 people died by January 31, 2022 [1]. In South Sulawesi province, as many as
111,244 confirmed Covid-19 cases with 107,859 recovered, and 2,245 people died were reported by January 31, 2022.

Several efforts to combat the spread of Covid-19 have been carried out, for example through disease modeling.
Previous studies regarding Covid-19 modelling have been done. One study has shown that there is a significant positive
relationship between the daily counts of confirmed Covid-19 cases and the human mobility index by using the
generalized additive model (GAM) [2]. The effect of population density on the spread of Covid-19 has been studied.
Exploratory analysis has been used to investigate the association of population density and the spread of Covid-19 at a
county level in Brazil [3]. They found that population density affects the Covid-19 incidence. Extreme bounds analysis
(EBA) has been used to investigate the relationship between population density and the number of Covid-19 cases as
well as the number of deaths in 172 countries excluding Indonesia [4]. They concluded that population density has a
significant positive effect on the number of Covid-19 cases, but there is no association between the number of death and
population density.

An ordinary least squares (OLS) regression and a negative binomial regression (NBR) models were used to assess the
influence of density and connectivity on the covid-19 outbreak in Korea [5] and concluded that residential density and
connectivity are statistically significant in the spread of Covid-19. The association of population density and basic
reproduction number in the United States using linear mixed models has been done [6]. They found that dense areas
escalate contact rates which is the key for Covid-19 transmission. Arbel et al. [7] studied the effect of population density
and socioeconomic factors on infection rates of Covid-19 in Israel using the logit model and conclude that the infection
of Covid-19 increased the levels of population density. In contrast, Agnoletti et al. [8] used a linear regression model and
found that the association of density and the spread of Covid-19 in Italy was not significant. The association of Covid-19
cases and the population density, as well as the distance from the virus epicenter, have been done by using linear
regression in Iranian provinces [9]. However, these researches have not implemented the Spatial models.

Spatial models have been used to model Covid-19 cases. By using the spatial error model (SEM), the spatial
autoregressive model (SAR), and the spatial autoregressive combined model (SAC), Ehlert [10] reported that employment
density and population density were positively correlated with the mortality rates of Covid-19 in German. SEM was also
used by Wand and Li [11] and found that population density is the key in the Covid-19 spread and it alone accounted for
up to 76% of cumulative Covid-19 cases in the U.S.

Bayesian spatial models have been used to model Covid-19 cases [12-14]. However, these researches have not
implemented the Bayesian Spatial Conditional Autoregressive (CAR) model. Recently, Whittle and Diaz [15] used a
Bayesian spatial CAR Besag, York & Mollié (BYM) to assess the association between the number of positive Covid-19 and
socioeconomic factors in New York City and concluded that there is a statistically significant association between the
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number of Covid-19 cases and population density, household income, race, and children under the age of 18 years.
Furthermore, the Bayesian spatial CAR localised model without the inclusion of covariates has been used in modelling
the relative risk of Covid-19 in South Sulawesi Selatan [16]. Aswi et al [17] used Bayesian spatial CAR Leroux models in
modeling the relationship between the Covid-19 risk and the population density as well the distance to the capital city in
Makassar. They found that the correlation between the distance to the capital city and Covid-19 risk was negative, but
the association between the relative risk of Covid-19 and population density was not statistically significant.

While a number of researches assessing the impact of population density and distance to the capital city have been
done, the results are inconsistent and limited research has been done in Indonesia, especially in South Sulawesi Province.
This study aims to assess the most appropriate Bayesian spatial CAR Leroux models in modelling the number of Covid-
19 cases without and with covariates namely the distance to the capital city and population density in South Sulawesi
Province and examine factors that affect the risk of Covid-19 in South Sulawesi Province

Il. MATERIAL AND METHODS

A. Study Area

South Sulawesi Province has 21 districts, namely Selayar Island, Bantaeng, Bulukumba, Barru, Bone, Jeneponto,
Takalar, Gowa, Sinjai, Maros, Pangkep, Soppeng, Wajo, Sidrap, Pinrang, Enrekang, Tana Toraja, Luwu, Luwu Utara,
Luwu Timur, Toraja Utara, three cities, namely Makassar, Palopo and Pare-Pare and 310 subdistricts. The area of South
Sulawesi Province is 46717.48 km? with a population of roughly 9,073,500 in 2020. Selayar Island has the lowest
population (approximately 137,100), while Makassar has the highest population (approximately 1,423,900) in 2020 [18].
The population density of South Sulawesi Province is 198.27 people per km? in 2020. Makassar city and Luwu Timur
have the highest and the lowest population density, respectively [18]. Makassar is the capital city of South Sulawesi
Province. Luwu Timur has the longest distance (565 km) to the capital city (Makassar city), but Gowa has the shortest
distance from Makassar (11 km) [19].

B. Data

Data on the number of confirmed cases of Covid-19 (19 March 2020 -31 January 2022) for every 24 districts/cities were
used in this study obtained from the official website “Ministry of Health of the Republic of Indonesia”
https://infeksiemerging. kemkes.go.id/ and https://m.andrafarm.com/ andra.php? i=daftar-col9-
kota&noprovkot=28&corke=768&urut=2&asc=011000000004Tabel %20Corona. Data on the number of the population
gathered from the Badan Pusat Statistik [18] were also used to calculate the expectation of count data. Population density
data in each district/city [18] and the distance to the capital city of South Sulawesi Province data [19] were also used as
the covariates. Data on the number of confirmed Covid-19, population density, and distance to the capital city for each
district/city are given in Appendix 1.

C. Spatial Autocorrelation

Moran'’s I is the widest indicator used to measure the degree of spatial autocorrelation [20] in ordinal or interval
data. Moran’s I is computed as the ratio of spatial covariation to the total variation. Moran’s I values range from -1 to +1.
The positive value indicates positive spatial dependence, while the negative value indicates negative spatial dependence,
and the 0 value indicates no spatial dependence.

Moran's [ statistics is calculated as follows:
_ n¥is, Z?=1 w; (Y — 7)(16' - Y)

i=1 Z7=1 wi (Y — Y)?

n is the number of locations, ¥; and Y; are the observed value in the particular location i and another location j, Y is the

1

average of all the Y values over the n locations, w; is the spatial connectivity/weight matrix.

As Moran's I tend to underestimate spatial autocorrelation for a few areas [21-23], a modified Moran’s I (MMI) was
developed [21] to detect spatial dependence which works even for a few areas. A comparison of Moran’s I and MMI has
been conducted [21, 23]. MMI statistics are calculated as follows:

i1 (Vi) (g wijY;-Y)
(a2 S (S w7 |

The binary spatial matrix using first-order adjacency weight matrix is the most common for areal data and it is
defined as follows:

IMod = 172

- {1 if areas i and j share a boundary
Y10 otherwise.

There are three distinct forms of spatial adjacency matrix: queen contiguity, rook contiguity, and bishop contiguity
[24]. Queen contiguity is implemented in this study as it can improve the model fit [25].
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D. Model formulation

In this paper, the Bayesian spatial CAR Leroux model [26] was used to estimate the risk of Covid-19 and examine
factors that influenced the Covid-19 risk without and with covariates (the distance of each district to the provincial capital
and population density). The population density of each district is calculated as the ratio of the number of populations
in each area to the corresponding area.

Bayesian spatial CAR Leroux model consists of spatial structured random effect (u:). The Covid-19 cases in the ith
location (y;) were modelled using a Poisson distribution with a log link function as the most widely used for disease
mapping [27] and it is given as follows:

y;~Poisson(E;0;) fori=1, 2, 3, ..., 24 locations
log(0) = a+B1X; + B2Xz +

E; and 0; are the expected counts and the relative risk in the ith location, respectively. a is the overall level of relative
risk and ; and B, are the coefficient of the covariates. The spatial structured random effect is modelled using an
intrinsic conditional autoregressive (CAR) prior as follows:

w72
(ui|uy, i # j,12)~N <—szj io,-,-” 3, Z}i])
wy; is the spatial weight matrix defined using binary spatial matrix and first-order adjacency weight matrix. A sensitivity
analysis was performed by using five hyperpriors on the variance component 73, that is Inverse-Gamma (IG): 1G
(shape=1, scale=0.01) as the default hyperprior of CARBayes, IG (1, 0.1), IG (0.1, 0.1), IG (0.5, 0.05), and IG (0.5, 0.0005). A
set of combination model formulations were used to examine the most appropriate model in modeling the Covid-19 cases
without and with covariates included and five hyperpriors on the variance component 72.

Model parameters were estimated using the CARBayes package version 5.2.5 [28] in R software version 4.1.2 [29].
The posterior quantities for each parameter were based on 20,000 iterations with 12,000 Markov Chain Monte Carlo
(MCMC) samples collected after a burn-in of 8,000 samples. Visualization of MCMC trace and density plots were used
for checking the MCMC convergence.

E. Comparing Models

The goodness-of-fit of model formulation and combination of covariates was compared using the Deviance
Information Criterion (DIC) [20], Watanabe Akaike Information Criterion (WAIC) [21], MMI [17, 18] for the residual, and
95% posterior credible interval (CI) does not contain zero. A smaller value of DIC and WAIC, as well as a closer to zero
of MM for residual, indicates a better model fit. R code used in this study is available upon request.

lll. RESULTS AND DISCUSSION
A. Descriptive Analysis

A total of 111,244 confirmed Covid-19 cases in the Province of South Sulawesi (March 19, 2020- January 31, 2022)
were identified with a mean (4,593), median (2,366), and variance (92,804,323). The first three highest number of
confirmed Covid-19 cases are Makassar (49,149 cases), Gowa (8,685 cases), and Luwu Timur (4,940 cases). In contrast, the
first three lowest numbers of confirmed Covid-19 cases are Enrekang (784 cases), Selayar (1,226 cases), and Toraja Utara
(1,235 cases).

The number of populations in South Sulawesi in 2020 is about 9,073,800. Makassar (1,423,900), Bone (801,800), and
Gowa (765,800) are the first three highest number populations. However, Selayar (137,100), Pare-Pare (151,500), and Barru
(184,500) are the first three lowest numbers of populations.

Makassar has the highest population density (8100.80) followed by Pare-Pare (1524.76), and Palopo (746.13), while
Luwu Timur has the lowest population density (42.73), followed by Luwu Utara (43.04), Luwu (121.86), and Enrekang
(126.08). Makassar is the capital city of South Sulawesi Province. Luwu Timur has the longest distance to the capital city
(565 km), followed by Luwu Utara (440 km) and Palopo (376 km). In contrast, Gowa has the shortest distance from
Makassar (11 km), followed by Maros (30 km), and Takalar (45 km).

B. Morans’l and Modified Morans’ |

The values of Morans’] statistics, expectation and variance for observed data are 0.0556, -0.0435, and 0.0023,
respectively with Z-score = 2.045 and p-value = 0.0204. Given a Moran’s I value of observed data of 0.056 with a Z-score
of 2.089, the null hypothesis stating no spatial autocorrelation is rejected. This indicates that the areal pattern for Covid-
19 cases is statistically significant with a positive spatial autocorrelation. MMI value is 0.038.

C. Bayesian Spatial CAR Leroux models

The plot of the neighborhood matrix using the binary spatial matrix with first-order adjacency weight matrix and
queen contiguity can be seen in Figure 1.
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Figure 1. A plot of neighborhood matrix

The results of Bayesian Spatial CAR Leroux models for all five different hyperpriors without and with covariates
(population density and distance to the provincial capital) for confirmed Covid-19 cases from March 19, 2020, to
January 31, 2022, are given in Table 1.

Table 1. The values of DIC, WAIC, MMI for residual, and posterior Credible Interval for each model
Posterior Quantities
MMI f
Hyperpriors Models DIC WAIC . I\:Id z; for Covariates
esic 2.5% 97.5%

1G (1, 0.01) M1 Without Covariate 287.80 291.28 -0.57 - -
M2 Density* 287.25 292.31 -0.08 0.15 0.29
M3 Distance* 287.27 293.38 -0.44 -0.42 -0.39
M4 Density* + 0.04 0.37
Distance 287.79 293.00 074 -0.16 0.15

IG (1,0.1) M5 Without Covariate 287.27 289.69 -0.72 - -
M6 Density* 288.31 297.63 -0.11 0.08 0.36
M7 Distance 287.61 290.83 -0.10 -0.27 0.05
M8 Density* + 0.37 0.65
Distance 287.84 292.96 -0.25 001 0.25

1G (0.1,0.1) M9 Without Covariate 287.48 289.21 -0.39 - -
M10 Density* 287.32 291.50 -0.14 0.22 0.45
Mi1 Distance* 287.69 291.51 -0.54 -0.48 -0.18
M12 Density* + 0.39 0.55
Distance® 287.38 294.47 -0.09 0.09 034

IG (0.5, 0.05) M13 Without Covariate 287.61 291.41 -0.42 - -
M14 Density* 287.37 291.73 -0.51 0.07 0.18
M15 Distance* 286.66 289.52 -0.11 -0.29 -0.14
Mi16 Density* + 0.28 0.51
Distance® 286.41 290.01 0.23 016 0.29

IG (0.5, 0.0005) M17 Without Covariate 288.01 293.04 -0.48 - -
M18 Density* 286.89 289.68 -0.45 0.23 0.43
M19 Distance 286.62 287.49 -0.57 -0.31 0.007
M20 Density* + 0.33 0.67

2874 294.41 -0.

Distance 87.48 o 0.006 -0.10 0.02

* 95% posterior CI for the coefficient does not contain zero.
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The results from Table 1 show that the M15 model, that is, Bayesian Spatial CAR Leroux model with hyperprior IG
(0.5, 0.05) with the incorporation of distance to the capital city has the lowest DIC (286.66) and it is indistinguishable from
the M19 model with hyperprior IG (0.5, 0.0005) with the incorporation of distance to the capital city (DIC=286.62) as well
as from hyperprior IG (0.5, 0.0005) with the incorporation of population density (DIC=286.89). It has a relatively similar
result with the M2 model with hyperprior IG (1, 0.01) with the incorporation of population density (DIC=287.25).

M19 model, that is, a model with hyperprior IG (0.5, 0.0005) with the incorporation of distance to the capital city has
the lowest WAIC (287.49) and it has a relatively similar result with hyperprior IG (0.5, 0.05) with the inclusion of distance
(WAIC =289.52) and with hyperprior IG (0.5, 0.0005) with the inclusion of population density (WAIC =289.68). Even
though M18 and M19 models have the lowest DIC and WAIC, the value of MMI for residuals is relatively high, -0.45 and
-0.57, respectively. The MMI for residual using the M15 model with hyperprior IG (0.5, 0.05) with the inclusion of distance
to the capital city is closer to zero (- 0.11) than the M19 model (- 0.57). The M2 model has the lowest MMI for residual (-
0.08) and it has relatively similar DIC and WAIC with the M15 model.

All five models (M2, M6, M10, M14, and M18) indicated that population density was considered significant as the
95% posterior CI for the coefficient does not contain zero. The estimation of the posterior median for population density
is positive indicating that there is a positive relationship between the population density and the number of Covid-19
cases. It means that the higher the population density in an area, the greater the chance of being infected with Covid-19.

On the other hand, only three out of five models (M3, M11, M15) found that distance to the capital city was
considered significant (model with hyperprior IG (1, 0.01), IG (0.1, 0.1), and IG (0.5, 0.05)). The estimation of the posterior
median for distance to the capital city is negative indicating that there is a negative relationship between the distance to
the capital city and the number of Covid-19 cases. It indicates that the closer a district/city is to the capital city, the greater
the risk of being infected with Covid-19.

Table 2. The Relative Risk using the preferred Model

1D Districts RR
1 Barru 0.73
2 Bone 0.26
3 Bulukumba 0.38
4 Enrekang 0.29
5 Gowa 0.93
6 Jeneponto 0.48
7 Luwu Timur 1.37
8 Luwu Utara 0.86
9 Luwu 0.31
10 Makassar 2.84
11 Maros 0.86
12 Palopo 1.25
13 Pangkep 0.7
14 Parepare 1.47
15 Pinrang 0.33
16 Selayar 0.74
17 Sidrap 0.41
18 Sinjai 1.19
19 Soppeng 0.84
20 Takalar 0.63
21 Toraja Utara 0.39
22 Toraja 111
23 Wajo 0.35
24 Bantaeng 0.54

Furthermore, three models with the inclusion of both the population density and the distance to the capital city (M4,
M8, and M20) was not significant (model with hyperprior IG (1, 0.01), IG (1, 0.1), and IG (0.5, 0.0005)), while using the
other two hyperpriors suggested that the inclusion of both population density and the distance to the capital city were
significant.

Based on the best model selection criteria used in this paper (DIC, WAIC, MMI for residuals and 95% CI does not
contain zero), the preferred model in modelling Covid-19 is Bayesian spatial CAR Leroux with hyperprior IG (1, 0.01)
model with the incorporation of population density (M2). It has been found that there was a positive correlation between
the population density and Covid-19 risk. This importance of population density is similar to some studies [4, 6, 7, 11,
15]. The relative risk (RR) values for each district/city and the RR map based on the preferred model are given in Table 2
and Figure 1, respectively.
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Figure 1. The RR map of Confirmed Covid-19 Cases for Each District in South Sulawesi Province

The results from Table 2 depict that Makassar city has the highest RR among other districts (2.84), followed by Pare-
Pare city (1.47), Luwu Timur (1.37), Palopo city (1.25), Sinjai (1.19), and Toraja (1.11), while Bone has the lowest RR of
Covid-19 (0.26), followed by Enrekang (0.29), Luwu (0.31), Pinrang (0.33), Wajo (0.35) and Bulukumba (0.38). From
Appendix 1, it is seen that Makassar city has also the highest population density, followed by Pare-pare city, and Palopo
city, while Luwu Timur has the lowest population density, followed by Luwu Utara, Luwu, and Enrekang.

South Sulawesi Province has three cities (Makassar, Pare-Pare, and Palopo) and 21 districts. These three cities are
areas that have a high risk of infected Covid-19 and are the most three densely populated cities. A possible interpretation
is that in densely populated cities, people are more likely to interact with each other. However, Luwu Timur is the third-
highest relative risk of confirmed Covid-19 but has the lowest population density. This may be because Luwu Timur is a
neighbor to Morowali Utara (Central Sulawesi Province) categorized as an area with high risk.

IV. CONCLUSION

Overall, the preferred model in modelling Covid-19 in South Sulawesi province is the Bayesian spatial CAR Leroux
with hyperprior IG (1, 0.01) model with population density incorporated. Population density has been found as one of
the factors that affect the Covid-19 risk. There was a positive correlation between the population density and Covid-19
risk. Makassar city, the highest population density, has the highest relative risk (RR) among other districts while Bone
has the lowest RR of Covid-19 followed by Enrekang. This finding is beneficial for the policy maker as it may help for
future planning to save our cities against the threat of Covid-19 or other infectious diseases. It is recommended that in
denser areas more stringent policies may be required. Considering other models as well as other covariates could be
possible future work.

DOI: 10.12962/i27213862.v5i1.12527 Department of Statistics, Institut Teknologi Sepuluh Nopember



INFERENSI , Vol. 5(1), Maret. 2022. ISSN: 0216-308X (Print) 2721-3862 (Online)

REFERENCES

(1

(2]
(3]
(4]
(5]
(6]
(7]
(8]
(%1
[10]
(11]
(12]
(13]

[14]

[15]

(16]

(17]
(18]
(19]
[20]
[21]
[22]
[23]

[24]
[25]

[26]
[27]
(28]

[29]

57
WHO. (2020, 14 April ). Coronavirus Disease 2019 (COVID-19)  Situation  Report-85. .  Available:
https://www.who.int/docs/default-source/coronaviruse/ situation-reports/20200414-sitrep-85-covid-

19.pdf?sfvrsn=7b8629bb_4,

Y. Zhu, J. Xie, F. Huang, and L. Cao, "The mediating effect of air quality on the association between human mobility and
COVID-19 infection in China," Environmental research, vol. 189, p. 109911, 2020.

P. R. Martins-Filho, "Relationship between population density and COVID-19 incidence and mortality estimates: A county-
level analysis," Journal of infection and public health, vol. 14, no. 8, pp. 1087-1088, 2021.

I. A. Moosa and I. N. Khatatbeh, "The density paradox: Are densely-populated regions more vulnerable to Covid-19?," The
International journal of health planning and management, vol. 36, no. 5, pp. 1575-1588, 2021.

Y. Jo, A. Hong, and H. Sung, "Density or Connectivity: What Are the Main Causes of the Spatial Proliferation of COVID-19 in
Korea?," International journal of environmental research and public health, vol. 18, no. 10, p. 5084, 2021.

K. T. L. Sy, L. F. White, and B. E. Nichols, "Population density and basic reproductive number of COVID-19 across United
States counties," PloS one, vol. 16, no. 4, pp. €0249271-e0249271, 2021.

Y. Arbel, C. Fialkoff, A. Kerner, and M. Kerner, "Do population density, socio-economic ranking and Gini Index of cities
influence infection rates from coronavirus? Israel as a case study," The Annals of regional science, vol. 68, no. 1, pp. 181-206, 2021.
M. Agnoletti, S. Manganelli, and F. Piras, "Covid-19 and rural landscape: The case of Italy," Landscape and urban planning, vol.
204, pp. 103955-103955, 2020.

M. Dadar, Y. Fakhri, G. Bjerklund, and Y. Shahali, "The association between the incidence of COVID-19 and the distance from
the virus epicenter in Iran," Archives of virology, vol. 165, no. 11, p. 2555, 2020.

A. Ehlert, "The socio-economic determinants of COVID-19: A spatial analysis of German county level data," Socio-economic
planning sciences, vol. 78, pp. 101083-101083, 2021.

D. W.S. Wong and Y. Li, "Spreading of COVID-19: Density matters," PloS one, vol. 15, no. 12, pp. €0242398-e0242398, 2020.
N. D. Goldstein, D. C. Wheeler, P. Gustafson, and 1. Burstyn, "A Bayesian approach to improving spatial estimates of
prevalence of COVID-19 after accounting for misclassification bias in surveillance data in Philadelphia, PA," Spatial and spatio-
temporal epidemiology, vol. 36, pp. 100401-100401, 2021.

G. Konstantinoudis, T. Padellini, ]. Bennett, B. Davies, M. Ezzati, and M. Blangiardo, "Long-term exposure to air-pollution
and COVID-19 mortality in England: A hierarchical spatial analysis," Environment international, vol. 146, p. 106316, 2021.

G. Carella, J. Pérez Trufero, M. Alvarez, and J. Mateu, "A Bayesian Spatial Analysis of the Heterogeneity in Human Mobility
Changes During the First Wave of the COVID-19 Epidemic in the United States," The American statistician, vol. 76, no. 1, pp.
64-72,2022.

R. S. Whittle and A. Diaz-Artiles, "An ecological study of socioeconomic predictors in detection of COVID-19 cases across
neighborhoods in New York City," BMC medicine, vol. 18, no. 1, pp. 271-271, 2020.

A. Aswi, M. Andi, T. Muhammad Arif, and B. Muhammad Nadjib, "RELATIVE RISK OF CORONAVIRUS DISEASE (COVID-
19) IN SOUTH SULAWESI PROVINCE, INDONESIA: BAYESIAN SPATIAL MODELING," Media Statistika, vol. 14, no. 2, pp.
158-169, 2022.

M. A. Tiro, A. Aswi, and Z. Rais, "Association of Population Density and Distance to the City with the Risks of COVID-19: A
Bayesian Spatial Analysis," Journal of physics. Conference series, vol. 2123, no. 1, p. 12001, 2021.

Badan Pusat Statistik, "Sulawesi Selatan dalam Angka 2021," 2021.

Badan Pusat Statistik, "Sulawesi Selatan dalam Angka 2015," 2015.

P. A. P. Moran, "Notes on continuous stochastic phenomena," Biometrika, vol. 37, no. 1-2, p. 17, 1950.

T. B. Carrijo and A. R. Da Silva, "Modified Moran's I for Small Samples," Geographical Analysis, vol. 49, no. 4, pp. 451-467, 2017.
A. Aswi, S. Cramb, E. Duncan, and K. Mengersen, "Evaluating the impact of a small number of areas on spatial estimation,"
International journal of health geographics, vol. 19, no. 1, pp. 39-39, 2020.

A. Aswi, S. Cramb, E. Duncan, and K. Mengersen, "Detecting Spatial Autocorrelation for a Small Number of Areas: a practical
example," Journal of physics. Conference series, vol. 1899, no. 1, p. 12098, 2021.

T.]J. Oyana and F. Margai, Spatial analysis: statistics, visualization, and computational methods Boca Raton: CRC Press, 2015.

A. Getis and J. Aldstadt, "Constructing the Spatial Weights Matrix Using a Local Statistic," Geographical analysis, vol. 36, no. 2,
pp- 90-104, 2004.

B. G. Leroux, X. Lei, and N. Breslow, "Estimation of Disease Rates in Small Areas: A new Mixed Model for Spatial
Dependence," Statistical Models in Epidemiology, the Environment, and Clinical Trials, vol. 116, pp. 179-191, 2000.

A. Aswi, S. M. Cramb, P. Moraga, and K. Mengersen, "Bayesian spatial and spatio-temporal approaches to modelling dengue
fever: a systematic review," Epidemiology And Infection, vol. 147, 2019.

D. Lee, "CARBayes: an R package for Bayesian spatial modeling with conditional autoregressive priors," Journal of Statistical
Software, vol. 55, no. 13, pp. 1-24, 2013.

R Core Team, "R: A language and environment for statistical computing," ed. Vienna, Austria: R Foundation for Statistical
Computing, 2019.

DOI: 10.12962/i27213862.v5i1.12527 Department of Statistics, Institut Teknologi Sepuluh Nopember


https://www.who.int/docs/default-source/coronaviruse/

INFERENSI , Vol. 5(1), Maret. 2022. ISSN: 0216-308X (Print) 2721-3862 (Online)

58
Appendix 1
ID Districts Covid-19 cases Density Distance
1 Barru 1635 157.02 102
2 Bone 2574 175.87 174
3 Bulukumba 2026 378.99 153
4 Enrekang 784 126.08 236
5 Gowa 8685 406.64 11
6 Jeneponto 2329 444.58 91
7 Luwu Timur 4940 42.73 565
8 Luwu Utara 3379 43.04 440
9 Luwu 1381 121.86 326
10 Makassar 49149 8100.8 0
11 Maros 4090 241.97 30
12 Palopo 2803 746.13 376
13 Pangkep 2928 310.87 51
14 Parepare 2703 1524.76 155
15 Pinrang 1608 206 182
16 Selayar 1226 151.71 263
17 Sidrap 1587 169.91 188
18 Sinjai 3769 316.45 220
19 Soppeng 2404 172.99 192
20 Takalar 2290 531.06 45
21 Toraja Utara 1235 226.74 328
22 Toraja 3803 136.69 310
23 Wajo 1604 151.26 242
24 Bantaeng 1297 496.97 123
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