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ABSTRACT. Numerous issues arise from stochastic processes with temporal and spatial index parameters. From
2020, Covid-19 has occurred worldwide. Combining time series with geographical analysis is crucial. ARIMA and
spatial autocorrelation analysis using Moran’s Index and LISA are prominent models for the two analyses. ARIMA
predicts future values. The ARIMA model is applied to all recorded locations since it involves a stochastic process
with a time and location parameter index. Then the prediction results at each location were examined using spatial
autocorrelation, starting with the Moran index to see global relationships, then LISA (to look at the relationship
between locations locally, to see which locations have a significant effect). The Queen Contiguity weight matrix
calculates spatial autocorrelation (assuming that locations that are directly adjacent to each other have a spatial
effect). Spatial autocorrelation will divide each place into four quadrants: High-High (HH), High-Low (HL), Low-High
(LH), and Low-Low (LL). This approach was applied to 2021 Indonesian vaccination rates in all 34 provinces (354 days).
Hence, the ARIMA model was applied to the 34 provinces, and each location received three forecasting. Moran’s Index
revealed spatial autocorrelation in the 354" and 355" time forecasts. LISA shows that Aceh (LL), West Sumatra (LH),

South Sumatra (HH), Lampung (LH), and North Maluku (LL) influence other provinces (LH).

1. Introduction

The approach of measuring spatial autocorrelation is an
important one in quantitative analysis, particularly when viewed
from a geographical prespective [1, 2|. This approach can serve
as a foundation for spatial statistics when applied appropriately.
The spatial technique is based on the first law of geography,
which asserts that “everything is related to another, but things
that are near are related more than those that are far” [3, 4].
These spatial qualities suggest that there is a dependence on
space. When there is regular spatial variation in the values of
a given variable, a phenomenon known as spatial autocorrela-
tion is said to exist [5-7]. This variation can be broken down
into two categories, which are known as positive and negative
spatial autocorrelation, of between [8]. In the event that the au-
tocorrelation is positive, the value variables at a certain location
have a tendency to be comparable to the value variables in the
surrounding area. If the values of numerous variables are found
to be lower at a certain place, this denotes that the presence of
spatial autocorrelation suggests that the value that is nearest to
that position is also found to be lower [6, 9]. On the other hand,
negative spatial autocorrelation is distinguished by the presence
of distinct variance values at the site that is physically closest.
For instance, when there is a negative spatial autocorrelation
present, values with a low variation could be surrounded by val-
ues with a large variance at close places [10]. The term "positive
spatial autocorrelation” refers to a pattern on a map in which
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geographic features that have the same value have a tendency
to cluster on the map. On the other hand, the term "negative
spatial autocorrelation” describes a pattern on a map in which
geographic units that have similar values are distributed over the
map [11]. Positive spatial autocorrelation happens when nearby
environmental places have attribute values that are similar to one
another [10, 12, 13].

The concept of spatial autocorrelation can be investigated
from two different perspectives, namely, the local and the global
[14]. Analysis of global autocorrelation entails looking at all of the
different patterns on the maps [15]. The grouping or distribution
of variations is typically what causes this global autocorrelation
to give rise to problems in its use. On the other hand, local auto-
correlation shifts focus to study more deeply global patterns to
identify possible clusters, or that represent heterogeneity that
deviates from global patterns [16]. This can be done by identify-
ing probable clusters. The solution to many questions concern-
ing the presence of spatial patterns can be found in global spa-
tial autocorrelation [17]. Clustered as well as spread around the
area. On the other hand, local provides solutions to location is-
sues that have a considerable impact on the spatial patterns that
exist (maps) [18]. Several approaches in spatial autocorrelation,
including

1. The Gamma index of spatial autocorrelation, Moran’s I, and
Geary’s C are examples of global spatial autocorrelation
methods [19-21]

2. The Local Spatial Autocorrelation Index (LISA) and the Local
Geary Index are both examples of local spatial autocorrela-
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(a) positive

(b) negative

(c) zero

Figure 1. Illustration of autocorrelation

tion indicators [22, 23|

3. The variogram method for analyzing spatial connection from
a geostatistical point of view, comprising the correlogram
and semi-variogram [24-26)]

In the field of geographic analysis, LISA was first presented
by Luc Anselin as an extension of Moran’s statistics [22], which
had been conceived of and developed by Patrick Moran. When
looking for statistically connected spatial autocorrelation on a
global scale, Moran is a useful tool. whereas LISA is utilized
to help in the formation of local spatial association patterns in
mapped data and for the deconstruction of global autocorrela-
tion measures, such as Moran statistics [27-29], Geary statistics
[30], and Getis-Ord G statistics [31]. It is possible to think of LISA
as a variation of the window-based Moran coefficient that was
developed for pixels that are contained within a local region of
an image [23]. A more succinct explanation would be to say that
LISA is an advanced study that compares the qualities of one site
with those of other nearby locations. In addition, LISA catego-
rizes each place into one of four quadrants, labeled High-High
(HH), High-Low (HL), Low-High (LH), and Low-Low (LL), respec-
tively [32]. When applied to data on stationary time series, the
Autoregressive Moving Average (ARIMA) models perform quite
well. In time series analysis, it is common practice to make the
assumption of stationarity. The ARIMA time series model’s pre-
diction performances are examined in this article using a spatial
autocorrelation analysis. Future perception of the spatial rela-
tionship is its goal. The Box-Jenkins iterative process was used to
create prediction results using the ARIMA time series model. In
other words, based on the optimal ARIMA model at each location,
this work presents a new method for identifying spatial autocor-
relation. Several studies pertaining to the ARIMA model have ad-
vanced significantly [29, 33, 34]. The most recent research also
incorporates spatial autocorrelation and GSTAR space-time anal-
ysis in Covid-19 instances [35].

Case studies of vaccine distribution in each province were
employed in this study (in relative proportions to the population).
Regarding vaccine distribution, vaccination-related issues in In-
donesia are of the utmost importance. In each province, different
data patterns can be identified. This is demonstrated by the un-
even distribution of the vaccine throughout the population. Up
to 50% of the recommended doses of the Covid-19 vaccination
are distributed to each of the seven provinces on the islands of
Java and Bali. Due to the comparatively high number of Covid-
19 cases discovered in the islands of Java and Bali, the high dis-
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tribution was caused. The remainder are dispersed throughout
27 more provinces that are not in Java or Bali. Another reason
for the comparatively low vaccination rates in some areas is a
lack of understanding of the value of vaccines. Vaccination and
herd immunity are closely connected concepts. If more people
were immune to the disease, it would be more harder for it to
spread [36-39]. The percentage of the population that receives
the vaccine will decide how much less frequently the disease oc-
curs. A person’s body will develop a specific immunity to dis-
eases that can be prevented by vaccination after receiving a vac-
cination. The body will be better able to fight sickness as a re-
sult. These individuals’ immune systems assault disease-causing
germs or viruses when they attempt to infect them, preventing
infection [40]. As a result, there will be a spatial effect that is
proportional to the population immunised in a particular loca-
tion on lowering Covid-19 instances in the closest location. This
study aims to reveal which Indonesian provinces are notewor-
thy in terms of vaccine injections based on the results of ARIMA
forecasting and to predict when vaccination will begin to have a
spatial effect in each province. Also, this study uses the forecast-
ing findings from ARIMA to examine the spatial connection of the
specification level on a map for each province in Indonesia. The
distribution of the assets will be displayed on the map.

2. Weight Matrix in Spatial

The correlation between variables and themselves that is
based on space is known as spatial autocorrelation. Alternatively,
spatial autocorrelation can be interpreted as a correspondence
between the objects in the area. The values for spatial auto-
correlation might vary anywhere from -1 to 1, inclusive. The
neighboring places have values that are comparable to one an-
other, which is typically indicative of positive spatial autocorre-
lation. On the other hand, sites that are near to one another have
different values, which indicates that there is a negative spatial
autocorrelation. In comparison, 0% spatial auto-correlation dis-
plays random location patterns. The examples of positive, nega-
tive, and zero auto-correlation are presented in Figures 1a to 1c
[22].

In spatial data modeling, a key component is the spatial
weighting matrix, which reflects the dependence in the datain a
spatial context. The overarching structure of the spatial weight-
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ing matrix, W, xn, is [35]

w11 W12 Win

w21 W22 W2
W=

Wn1 Wn2 Wnn

The elements of W are w;;, where 7 and j is the row and col-
umn on the W. All diagonal elements of w;; are 0, whereas it
is assumed that locations are not adjacent to the site itself. The
w;; comprises two values, particularly zero and one. One for the
region that is adjacent, and zero for the areas that are not adja-
cent. The contiguity weight and the distance weight are the two
primary categories of spatial weighting matrices. The link of the
sides or vertices of one site to those of another site is what is
meant by the term ”contiguity weight.” It is made up of a rook, a
bishop, and a queen in close proximity to one another [22]. Fig-
ures la to 1c shows the illustration of contiguity weight. Based
on those figures, let x; be the i-th location fori =1,2,...,9 and
x¢ be the reference location. Using rock contiguity weight, the
edges only xo; x4; x5; x7 are neighbors of xy. While in bishop’s
contiguity weight, the corners only x1; z3; x¢; g are neighbors
of zg. In contrast, the queen contiguity weight of the edges and
corners xq has eight neighbors. In this study, the weight ma-
trix used is the Queen Contiguity Matrix. Queen contiguity is the
intersection of a site’s sides and the corner point with another.

3. ARIMA - Spatial Autocorrelation (Moran Index and LISA)

A combination of time series modeling with spatial data
modeling, the ARIMA Model - Spatial Autocorrelation is a power-
ful tool. The fundamental description of this modeling might be
stated as [41]

1. The ARIMA model is applied to the modeling of time series
data collected at each location. The model is applied so that
prediction results can be obtained at each location. If there
are four locations, then there will be four different ARIMA
models (one model per location).

2. The results of the prediction for each place are then mod-
eled spatially using the Moran Index and LISA so that the
spatial correlation between locations and times may be ex-
amined. The Moran Index and the LISA are the two ap-
proaches that are used, and each of these methods is used
to see global and local spatial correlations accordingly. Both
of these methods are utilized.

The combination of these models enables the development
of prediction results divided by time and location, as well as spa-
tial correlation forecasts decomposed by time. Figure 2 provides
further information regarding the modeling technique.

3.1. ARIMA
Let {Y,} = [Yi4], fori = 1,2,..., N (locations) and t =
1,2,...,T (time), follows the ARIMA(p, d, ¢) model, then

(I)i,p(B)Yi,t ®7L7q(B)€i,t7
(1—¢i1B — ¢i2B> (1-6;,,B—0,,B*
f...,gbi’po)Yi’t ... ,9i7qu)ei,t’
Yz‘,t - ¢i,1Yi,t71 - ¢i,2Yi,t72 = €t — 9i,1€zx,t71 - ai,Zei,t72
— =i pYit—p . giﬁqetim
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so that,
Yis PiYit—1+ Gi2Yit—o+ -+ G pYit—p et
—91€¢,t71 - 02ei,t72 — 9q€t7q
(1
where (I)p = (1 — (,257;718 — (,251‘7282 — e — ¢i7po), (,251‘7]3 is au-

toregressive’s parameter, ©; ,(B) = (1 —6;1B — 0;2B%— - —
0;.4B9), 0; 4 is moving average’s parameter, B is backshift oper-
ator (B?Y; = Y;_4), and e, ¢ is noise term for i — th location and
t — th time.

In using the ARIMA model to analyze time series data us-
ing the Box-Jenkins method, it is assumed that the data must be
stationary, i.e., have a constant mean and standard deviation. It
is possible to conduct a test of stationarity using a variety of ap-
proaches, including a visual analysis based on plots, an autocorre-
lation function, or a unit root test, among others. Moreover, sta-
tionary data is modeled using the three-stage ARIMA Box-Jenkins,
which includes [41]:

1. Order Identification, which involves deciding between the
possible p, d, and ¢ orders given the data. At this point, a
number of possible orders are generated for use in subse-
quent parameter estimates and the decision of the most ac-
curate model during the diagnostic test step. To identify the
order, use Autocorrelation Function (ACF) and Partial ACF
(PACF) plot from the data.

Table 1. Order Identification based on ACF and PACF

Model ACF PACF

AR(p) tail off cut off after lag p

MA(q) cut off after lag ¢ tail off
ARMA(p, q) tail off tail off

2. The next step is called parameter estimation, and its pur-
pose is to determine the values of the ARIMA model’s pa-
rameters based on the orders that were found in the stage
preceding it. Several ARIMA models were obtained at this
point, which would subsequently undergo diagnostic test-
ing.

3. Diagnostic checking. At this point, the model that will ul-
timately be chosen is determined. The assumption of in-
dependence between time lags (can be seen from ACF of
residual) and normality (can be seen from normal g-q plot)
needs to be satisfied by each and every residual value from
the previous stages of the model. To put it another way,
the model verifies that the white noise assumption is cor-
rect. The model that satisfies the white noise assumption as
well as having the minimum Mean Square Error (MSE), Mean
Absolute Percentage Error (MAPE), and Akaike Information
Criterion (AIC) is the optimal model that can be utilized for
prediction purposes.

3.2. Moran Index

The Moran’s Index is a measurement of global spatial auto-
correlation that is used to determine the existence or absence of
a specific event. This is done by comparing the value of obser-
vations made at one location to those made at other sites that
are close together at the same time [8]. Moran’s Index examines
the spatial autocorrelation, which reveals a relationship in which
the significance of observations gathered at one site is contin-
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Figure 2. Flowchart of ARIMA-Spatial Autocorrelation

gent on the observations gathered at other sites located in close
proximity to it. The value of the Moran Index ranges between -1
and 1. According to [22] Moran index can be measured using the
equation [22]:

_ ny i E?:1 wij(z; — T)(z; — T)
> (@ — 1)? ’

where x; is the value of observations in the i —th region, Z is the
average number of events, w;; is the element of the weighting
matrix between area ¢ and j.

The Moran’s scatterplot (see Figure 3) is a tool that allows
one to examine the link between standardized observation val-
ues and the standardized, average values of nearby areas. It is
the first stage in getting across the statistics of the Moran’s In-
dex. The significance of the data is used to determine the posi-
tion of the horizontal X-axis in Moran’s scatterplot. The matching
observation’s weighted average or spatial lag on the horizontal
X-axis serves as the basis for the calculation of the vertical Y-axis
[8]. According to [22], the quadrants in the Moran’s scatterplot
are as follows:

(1) Quadrant I (High-High, HH) identifies areas with high sur-
rounded by high observation values (yellow square in Fig-
ure 3)

(2) Quadrant 2 (Low-High, LH) identifies areas with low sur-
rounded by high observation values (grey square in Figure 3)

(3) Quadrant IIl (Low-Low, LL) identifies areas with low sur-
rounded by low observation values (blue square in Figure 3)

(4) Quadrant IV (High-Low, LL) identifies areas with high sur-
rounded by low observation values (orange square in Fig-

ure 3)

I
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Figure 3. Moran’s Scatterplot

The Moran Scatterplot, which places observations in quad-
rants | and Ill, demonstrates the presence of a positive spatial
autocorrelation, which can be defined as the clustering of values
that have the same high and low extremes. The Moran Scatter-
plot, on the other hand, arranges the observations in quadrants
Il and IV and reveals a negative spatial autocorrelation as well as
distinct grouping values.

3.3. Local Indicator of Spatial Autocorrelation (LISA)

In this instance, the issue with global spatial autocorrela-
tion is that Moran’s Index does not provide any information on
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Table 2. Notation for Each Location

No.  Variable Province No.  Variable Province

1 Pf’lt) Aceh 18 Pf;) West Nusa Tenggara
2 P2<,1t) West Sumatera 19 P2<,3t) East Nusa Tenggara
3 Pé}t) South Sumatera 20 Péi) Papua

4 Pé}t) Riau Island 21 Péi) West Papua

5 Pé’lt) North Sumatera 22 Péi) Maluku

6 Pé,lt) Bengkulu 23 Péi) North Maluku

7 P7<,1t) Jambi 24 P1<,4t) South Sulawesi

8 Pé;) Riau 25 Péi) Central Sulawesi
9 Pé}t) Bangka Island 26 Péi) Gorontalo

10 Pl%?t Lampung 27 Pft) West Sulawesi

11 Pfi) Banten 28 P5<,4t) South-East Sulawesi
12 P2(,2t) Jakarta 29 Péi) North Sulawesi
13 Péi) West Java 30 Pl(i) East Kalimantan
14 Pft) Yogyakarta 31 P2(,5t) West Kalimantan
15 Péi) Central Java 32 Péi) South Kalimantan
16 R East Java 33 P{)  Central Kalimantan
17 P7(2t) Bali 34 Péi) North Kalimantan

the spatial patterns that are present in specific regions. As a
result, employing the Local Indicator of Spatial Autocorrelation
(LISA) to gather data on the pattern of spatial correlations in each
site is necessary. According to [8], LISA identifies the relationship
between one observation location and others. The LISA for each
region ¢ is written as follows [22]:

(z;i — ) ] S

Li = 1
% Zi:l(wi - m)Q j=

wij(T; — T),
1

where L; is the LISA value in the ¢ — ¢t/ region, n is the number of
observations in the ¢ — th region, x; is the value of observations
in the j —th region, 7 is the average number of events, w;; is the
element of the weighting matrix between area ¢ and j.

4. Result and Discussion

4.1. Descriptive Statistics

The data used is the proportion of the population vacci-
nated with the first dose in all Indonesian provinces since Jan-
uary 137¢ - December 31°¢, 2021 or 354 days (time)). There are
34 provinces used (location). Figure 4a shows the total popula-
tion per province; the darker the color, the more densely popu-
lated the province is. In comparison, the proportion of vaccines
is given in Figure 4b. The darker the color, the more the propor-
tion of vaccines injected by the province. The mean and standard
deviation of the data used is driven in Figure 4b.

The number of locations used are 34 locations. It means
that there are 34 ARIMA model. To facilitate the presentation, the
presentation of data is grouped by island. The notation of PZ.(,’;)
represents the variable at ¢—th location in k—th island at time ¢,
fork=1,2,...,5,i=1,2,...,10,and t = 1,2,...,353.

The existence of a strong correlation in time and space is
one of the important premises upon which time series modeling
and spatial modeling are constructed. Pearson’s correlation is a
useful tool for determining whether or not two locations are as-
sociated with one another before making any initial assumptions.

| Jambura J. Biomath

More specifically, for time correlation, ARIMA time series model-
ing use a correlogram plot, and for spatial correlation, the Moran
Index value. Figure 5 displays the findings of this study’s appli-
cation of Pearson’s correlation analysis on Java (P2) data. The
correlation coefficient between locations is demonstrated by the
numbers that are given in Figure 5. For instance, in the first row
of the third column, the number 0.84 is written. This indicates
that the correlation between Banten and West Java areas in terms
of the proportion of vaccines is 84%. In addition, the significance
level is shown by the asterisk (*), which ranges from ** (99%), **
(95%), and * (90%). In addition to this, the scatter plot and the
histogram of the data are presented in Figure 5.

4.2. ARIMA Model

The ARIMA time series modeling approach investigates his-
torical data trends in its most fundamental form. As a result, a
time series data plot is given for each site prior to engaging in
ARIMA time series modeling. As can be seen in Table 1, the plots
of the time series data for each site have been categorized ac-
cording to the transmission of the islands. Hence, there are five
different time series plots (see Figure 1). Interpretation. In the
middle of the year, between June and July, there is an increase in
the amount of data for each location. The same thing, arise, took
place toward the end of the year as it did before. This is inversely
proportionate to the beginning of the year, when the percentage
of people who have had their vaccinations is still relatively low.
The month of March marked the beginning of the observed in-
creases, particularly on the island of Java. When compared to
Java Island, which has the highest level of vaccination awareness,
the levels of vaccination awareness in Nusa Tenggara and Papua
are very low. This is in contrast to Java Island, which has the
highest level of vaccination awareness. The fact that Java Island
serves as the administrative hub of the nation is one factor that
may have an impact on this.

The assumption in ARIMA model is stationary. The station-
arity test utilizing the Augmented Dickey Fuller (ADF) test on the

Volume 4 | Issue 2 | December 2023
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Figure 4. Mapping of:

data for each site showed that the entire data are not stationary.
This conclusion was reached after applying the test to each set
of data. A differentiation process is applied to the data for each
location just once as a consequence of this conclusion. In addi-
tion, the stationarity test was performed on differentiated data
using the ADF test, and the conclusion reached was that the data
for each site were stationary.

Based on the preceding stationarity process, the model cre-
ated at each point might be ARIMA (p, 1, g). At the stage of order
identification, the ACF and PACF plots are analyzed in order to
make a decision about the order in which p and ¢ should be de-
cided. The process of estimating parameters is not discussed in
detail in this article, nor are any of the various different models
that could be derived from each site. Following completion of
all three Box-Jenkins phases for each location, the best model for
each location is subsequently obtained (see Table 3).

Interpretation. According to Table 3, for the case of £ = 1
(Sumatra Island) and 7 = 1 (Aceh), the best ARIMA model that can

be produced is ARIMA(2,1,5), which means that

~0.32P), —0.75P) , +0.02¢1")

P(l)
1,t
+0.29¢{!)_, —0.03¢l")_, +0.28¢{")_;.

— 0778,

This indicates that the proportion of people who have re-
ceived vaccines in Aceh one and two days ago (at times ¢ — 1
and ¢t — 2) has an effect on the proportion of people who have
received vaccinations today (at time ¢). In addition to that, it is
also impacted by errors that occurred between 1 and 5 days ago
(at times ¢t — 1,¢t — 2,...,t — 5). For the remaining locations,
the ARIMA model conforms to the ARIMA order and is described
based on eq. (1).

Prediction is the last stage of the ARIMA modeling approach
for time series. Afterwards, the results of this prediction will
be utilized to examine the spatial autocorrelation that exists be-
tween diverse locations (P(3)54+h) On the basis of each ARIMA
model at each location, forecasts are generated for three differ-
ent times (h = 1,2, 3) in the future. Table 4 offers a comprehen-
sive presentation of the results of the predicted for each location.
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Table 3. Parameter Estimation of ARIMA(p,1,q) Model for 34 Locations

Autoregressive (AR)

Moving Average (MA)

koc Ordo P1 P2 3 ¢4 o5 01 02 03 04 05
Pl (21,5 032 075 002 077 -029 003 -028
Py (1,1,1) 026 0.73

P{)  (4,1,2) 071 004 012 023 019  -0.54

PAE,lt) (0,1,2) 081 0.13

PY (1,11 035 .0.83

P (4,1,5) 054 024 053 -0.94 011 051 050 046 -0.43
P (41,3) 036 023 054 -068 031 037 057

PS(,lt) (0,1,3) 045 0.13  -0.16

P (4,1,3) 010 019 060 -051 048 030 079

Py, (4,1,3) 017 039 047 038 032 032 -0.83

Pfi) (1,1,1) 044 -0.87

Py (2,1,2) 111 -066 157 080

Psfi) (2,1,3) -1.18 -061 047 -0.18 -0.74

P (4,1,3) 034 021 059 -0.72 030 021 064

Psfi) (2,1,3) -142 072 063 -026 -0.74

P (4,1,3) 033 023 -056 -0.73 043 029 066

P7(,22 (2,1,4) -095 -0.63 045 -001 -0.62 0.01

Pl(,?;t) 0,1,1) -0.69

Pé,‘? (0,1,2) 0.60 -0.16

ngi) 0,1,1) -0.61

szi) 0,1,1) -0.77

Péi) (2,1,5) -039 -0.75 020 065 -065 0.00 -0.50
Péi) (0,1,1) -0.29

Pf,? (1,1,5) 044 -1.05 038 007 -056 048
Pz(,? 0,1,1) -0.60

Péi) (2,1,5) -020 046 039 072 008 002 028
P (21,1 019 023 0.86

P5(,4t) 0,1,1) -0.53

P (5,1,2) 009 -069 -035 -033 050 -0.63 0.60

Py (4,1,3) 025 022 -057 -057 046 025 066

P (5,1,2) 034 058 -031 027 029 -083 069

Péi) (2,1,3) 091 -0.64 -137 127  -0.60

P (5,1,2) 055 030 -005 -028 020 -0.11 -06

P (3,1,3) <134 020 042 080 066 -0.76
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Table 4. Forecasting Results for 3 Steps Ahead based on ARIMA(p,d,q) Model for 34 Locations

; (%)
Location Forecasting (Pl.’354+h)

: (k)
Location Forecasting (Pl.’354+h)

h=1 h=2 h=3 h=1 h=2 h=3
P ., 00014 00020 00017 P, 00019 00019 00019
Py, 00012 00014 00013 P{%. . 00013 00013 0.0013
Py ., 00037 00028 00031 P{%.., 00003 00003 0.0003
P, 00021 00020 00020 P ., 00011 00011 0.0011
ALY, 00051 00048 00047 PL%, ., 00051 00046 0.0042
P, 00039 00018 00025 P%,. ., 00006 00007 0.0006
P, 00025 00015 00017 P 00024 00022 0.0018
P, 00019 00020 00018 P{Y, ., 00012 00012 0.0012
P{N ., 00047 00029 00026 PY. ., 00011 00008 0.0010
> ssasn 00040 00045 00038 ALY, .. 00027 00027 0.0026
P, 00014 00016 00017 P ., 00017 00017 00017
P aen 00013 00014 00014 F{Y. . 00037 00031 0.0013
P pn 00017 00021 00027 P, 00027 00013 00014
P pn 00021 00003 00008 Pi%,., 00020 00012 00005
P pn 00015 00022 00030 P, ., 00018 00016 00016
P saen 00039 00014 00020 P, 00028 00018 00027
PR .., 00006 00007 00007 P, 00035 00021 0.0035

4.3. Spatial Autocorrelation - Moran Index and LISA

In the process of measuring spatial autocorrelation, one of
the most significant procedures is the calculation of the weight
matrix, which is also sometimes referred to as the queen conti-
guity matrix. The number one is assigned to the provinces that
are immediately adjacent to one another, whereas the number
zero is assigned to the remaining provinces. For instance, the
province of Central Kalimantan (z() is given a value of 1 in rela-
tion to the provinces of West Kalimantan (x;), East Kalimantan
(x2), and South Kalimantan (x3). Since these provinces are di-
rectly adjacent to Central Kalimantan, they are each given a value
of 1 in relation to Central Kalimantan. In the event that a province
is not immediately next to another province, the number of trans-
portation routes that may be rerouted to reach that province is
one of the criteria that is used to decide whether or not that
province can be released. For instance, the province of Maluku
(yo) is made up of a number of smaller islands, and there are no
provinces that lie immediately to their immediate north or south.
Maluku province, on the other hand, is accessible by road, air,
and sea and may be reached via South Sulawesi (y;) and North
Maluku (y2, respectively). Because of this, the rank of number 1
has been given to both of the provinces in this scenario. Figure 7
offers a graphical representation of the two scenarios that were
mentioned earlier.

Based on the weight matrix calculation grid using queen
contiguity, the following queen contiguity matrix is obtained

PY 0 O O O
o P»®» o o0 o0
Q=0 o P®» 0 o0
O o o P% o0

O O o o PpP®

| Jambura J. Biomath

o(1) =

P represents weigth block matrix for Sumatera’s Island
(Blue in Figure 7), P2, P3 consecutively represent Java (Red in Fig-
ure 7)and Kalimantan’s Island (Yellow in Figure 7). The black in
Figure 7 represent Sulawesi’s Island, Maluku and North Maluku
for P4. Then, P5 represents West Nusa Tenggara, East Nusa Teng-
gara, Papua, and West Papua. The following step is to standard-
ize the Q matrix by making the number of each row 1, Q*. The
standardized matrix is used as a weight matrix in calculating the
Moran and local Moran index (LISA) values.
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Figure 6. Time Series Plot for Each Island

4.4. Moran’s Index

The next step is to calculate the global spatial auto-
correlation using the Moran’s Index method for all ¢. The fol-
lowing is the calculation of the spatial auto-correlation using the
Moran’s Index for all ¢:

34500 Y0 a5 (Pissarn — P)(Pyssarn — P)
So Z?il(fji,t-‘rh - P)?

I3s4p =

()

where ¢; is the weight for i-th to j-th location, P is the

average proportion of vaccines across 34 provinces, 151»,354+h is
the proportion of vaccines at i-th location, and h = 1, 2, 3.

It is crucial to make sure that the Moran Index performs

a calculation of the global spatial autocorrelation. The ARIMA

model will be utilised to make a prediction regarding the per-

centage of vaccines that will be given out, and the spatial auto-

correlation will then be established on the basis of the results of

the prediction. After that, the Moran Index can be calculated for

each individual forecast outcome during the course of the follow-
ing three days by making use of the eq. (2). The results of comput-
ing the Moran Index for each of the prediction times are listed in
the table that can be found in Table 5. The global geographic cor-
relation on the first day of predictions is 0.472, as shown in the
Moran Index column, which depicts global geographical correla-
tion. This can be seen by looking at the global spatial correlation.
This suggests that the aggregate percentage of individuals who
have received vaccinations across all of Indonesia’s provinces is
47.2%. Because the p-value for the Moran Index on that day was
4.8 %, which is less than 5%, it is feasible to reach the conclusion
that there is a substantial link between the percentage of people
who have been vaccinated and the geographical location. On the
other hand, the spatial correlation based on the Moran Index was
-0.038 on the third day (354 + 3), with a p-value (3.7%) that was
greater than 5 %. This was shown to be the case on the third day
(354 + 3). In other words, the geographical correlation on the
third day of prediction does not have a substantial influence on
the outcome of the forecast. In light of this, the projection of the
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Queen Contiguity Weight Partition

Figure 7. Illustration of Computing the Queen Contiguity

proportion of vaccines that were given out on the third day will
not be affected by the computation of the spatial correlation that
will be performed using LISA.

Table 5. Moran Index for each Forecasting Result based on

ARIMA Model
Time (354 +h) Moran Index  p-value
135441 0.472 0.048
I35442 0.374 0.029
135443 -0.038 0.366

4.5. LISA

The only thing that can be determined from the outcomes
of Moran’s computation is whether or not there is a strong spa-
tial auto-correlation. On the other hand, information that would
have shown which places were responsible for the large spatial
auto-correlation was left out. Despite this, additional research
employing LISA was carried out in order to resolve this issue.
The spatial auto-correlation value was computed in LISA for each
province for each day that was significant (Moran’s finding, see
Table 5). The LISA for each day in the ¢+ — th province can be
calculated as follows:

(Pi3san — P)

LS (Prssasn —

34
L;35a4n = Py Zwij(Pj,354+h —P)
j=1

Based on the LISA calculations, the significant provinces in each
significant’s date are shown in Figure 8. The offered colors each
represent a different class for the four quadrants. The Low-Low
(LL), High-High (HH), High-Low (HL), and Low-High (LH) grades
are denoted by the colors green, red, yellow, and orange, respec-
tively. According to one possible interpretation of the significant
LISA value, the province exerts a significant level of influence over
the other provinces that are located in close proximity to it. For
instance, on day 355, five different provinces, Aceh (LL), West
Sumatera (LH), South Sumatera (HH), Lampung (LH) and North
Maluku (LH), had significant LISA score (p-value less than 5%).

| Jambura J. Biomath

5. Conclusion

The findings of the ARIMA modelling performed in each
location indicate that the mean does not exhibit stationary be-
haviour. Evenness is a characteristic of stationarity. This indi-
cates that when the data is not stationary, it is possible to draw
the conclusion that there are oscillations in the distribution of the
vaccine. This can be brought about by a variety of factors, such
as the progressive delivery of the vaccine, followed by the imple-
mentation of regulations that mandate vaccinations, and finally
the requirement for the vaccine itself. ARIMA modelling carried
out at each location reveals, among other things, the features of
each location, which are almost always distinct from one another.
This is demonstrated by the fact that the ARIMA models come in
a variety of orders; some contain simply the MA or AR models,
while others contain a combination of the two, denoted by the
acronym ARMA. The ARIMA models are used to make predictions
that are carried out three times further into the future at each
location. After that, these findings are utilised in the subsequent
geographical analysis, specifically the Moran Index and the LISA.

Moran’s index has the capability of determining whether
or not vaccination injections have a geographical influence on
the relationships that exist between provinces. For each loca-
tion, the projected results are used in the calculation of Moran’s
index, which is performed three times in advance. It was discov-
ered that the results gathered on days 365 and 366 contained
a significant Moran’s index. Following the completion of gen-
eral detection for all of the cases in which significance was dis-
covered, targeted detection was carried out in order to establish
which provinces had a major influence on increasing the quantity
of vaccines provided each day. As many as five provinces, namely
Aceh (LL), West Sumatra (LH), South Sumatra (HH), Lampung (LH),
and North Maluku (LH), have been able to contribute to a reduc-
tion in the number of cases of the Covid-19 virus as a result of
their participation in the Covid-19 killing programme. Four of
the five provinces are located on the island of Sumatra. The other
provinces are located on the other two islands. This suggests that
the island of Sumatra has made a significant contribution to the
suppression of the Covid-19 case through the implementation of
immunisation programmes. Specifically in the province of South
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Figure 8. LISA's Map of Forecasting Result based on ARIMA and Moran Index

Sumatra, which can be found in the High-High quadrant. This
implies that it is placed in an area that has a high proportion of
vaccines and is located in closeness to other regions that also
have a high proportion of vaccinations. Calculations of spatial
autocorrelation that are based on these prediction results can be
used as a reference in the distribution of vaccines, particularly
for the purpose of determining which locations are appropriate
to focus on in suppressing Covid-19 cases, specifically locations
that are in the Low-Low quadrant of the map.
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