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effects of COVID-19.The deaths in Jakarta from the new coronavirus may be higher
than officially reported. To overcome this issue, this paper will provide an approach to
measure the death impact of COVID-19 using the Autoregressive Integrated Moving
Average model (ARIMA). The model will predict the ‘what if” normal condition of the
number of funerals in Jakarta compared to the real situation in March 2020 as an ap-
proach of the actual effect of COVID-19 in Jakarta. This research revealed a discrepancy
of 450-1070 funerals in March 2020 that could not be predicted by the ARIMA model.
This funeral gap, a forecast error, could be an approach to the potential number of pos-
sible death impacts of COVID-19 in Jakarta that should be significantly higher than the
report. The people should be more conscious and alert of COVID-19 situation.
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INTRODUCTION

Coronavirus disease 2019 (COVID-19) is
a pandemic in more than 200 countries around
the world. This infectious respiratory disease was
first identified in Wuhan, the People’s Repub-
lic of China (Setiati & Azwar, 2020). As of 31
March 2020, there were 754,933 confirmed cases
and 36,522 death cases worldwide (WHO, 2020).

As the fourth most populous nation in the
world, Indonesia is predicted to face a big thre-
at to this pandemic. However, Indonesia did not
announce any cases of infection until February
2020. Only on 2 March, President Joko Wido-
do reported the first two confirmed cases of CO-

virus was originated from a visit of Japanese ci-
tizens who were living in Malaysia to Indonesia
(Tosepu, et al., 2020). As of April 1, the nation
has reached 1677 confirmed cases, with 157 dea-
ths and 103 recoveries (Indonesian Health Mi-
nistry, 2020).

As the capital city of Indonesia, Jakarta is
heavily infected by and considered to be the epi-
center of the virus in Indonesia, recording 808 ca-
ses and 85 deaths until April 1, more than any ot-
her province (Indonesian Health Ministry, 2020).
However, epidemiologists say a relatively low le-
vel of testing means the number of cases appears
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to have been vastly underreported. It has probably
happened in Jakarta. The deaths in Jakarta from
the new coronavirus may be higher than officially
reported (Jefriando & Munthe, 2020).

The nature of COVID-19 that can easily
spread and also many undetected cases that do
not present symptoms also make it more difficult
to determine the real mortality effects of CO-
VID-19. Probably, the number of officially con-
firmed COVID-19 cases is inaccurate, as many of
the people affected by the virus might have died
before they even reached the hospital. However,
Measuring vulnerability and Covid-19’s effects
on death rates is important for the development
and implementation of pandemic management
strategies like appropriate preparedness and ef-
fective responses (Berawi, et al., 2020).

To overcome this issue, this paper will pro-
vide an approach to measure the death impact of
COVID-19 using the Autoregressive Integrated
Moving Average model (ARIMA). This study
can be viewed as an alternative paper to show the
real mortality effects of COVID-19 in March in
Jakarta, as the other research paper uses official-
ly real-time data shared to measure it. There are
two objectives of this paper. First, to find the best
model that can be fit the total number of death in
Jakarta from 2010 - 2018. Second, to measure the
death impact of COVID-19 from 2019 to March
2020 in Jakarta.

METHODS
Data Sources

The number of funerals was viewed as
an approximation of the death toll in Jakarta.
It was compiled from the records of the Jakarta
Department of Parks and Cemeteries from 2010
to 2020. It could be found on the link https://
pertamananpemakaman.jakarta.go.id/. The
monthly funeral data, which were the base data
for the time-series model, were then modified by
the number of days each month to determine the
average number of funerals per day.

Data Set

The Data was split into a training set used
to build models and a test set used to evaluate the
predictive validity of the models. In this study, the
data from 2010 to 2018 would be a training set
and the data from 2019 to 2020 would a test set.

ARIMA Model

ARIMA models are in theory the best mo-
dels for forecasting a time series. The procedure
involves fitting an appropriate model, estimating
the parameters and verifying the model (Anokye,

et al., 2018). There are a lot of forecasting in
epidemiology cases using Arima Model. Arima
has been applied to predict influenza a virus fre-
quency in swine in Ontario, Canada (Pethukova,
et al., 2018) and in China (He & Tao, 2018). It
also has been implemented to get the best model
with seasonal ARIMA and to analyze the result
of Dengue Fever cases (Pamungkas & Wibowo,
2019; Rubaya, et al., 2018). In addition, The
ARIMA model has been an effective way to fore-
cast the incidence cases of HFMD in China (Yu,
et al., 2014).

The monthly funerals data per day from
2010 to 2018 were adopted to create the ARIMA
model and then to forecast funerals from 2019 to
2020 to assess its stationarity and availability. Gi-
ven a stationary time series of data Y’=(Y ,Y,,
Y ), an autoregressive moving average (ARMA)
model, denoted by ARMA (p,q), consists of two
parts, an autoregressive (AR) part of order p and
a moving average (MA) part of order q. Thus,
the ARMA model of order p and q, denoted by
ARMA (p,q) is given by
Y t=p+@_ 1 Y_(t-D+¢@_2 Y_(t-2)+-+¢p Y_
(t-p)+6_1 € (t-1)+6_2 e (t-2)+---+6_q €_(t-q)

)

Where p is a constant, @*'=(¢@_1,p_2,...
,p_p) is a vector of autoregressive coefficients,
0'=(0_1,06_2,...,6_p) is a vector of moving average
coefficients, and ¢_t are error terms assumed to
be independent, identically-distributed random
variables sampled from a distribution with mean
equal to zero and variance o_g"2. In time series
analyses, the variables €_t are commonly referred
to white noise, and they interpreted as an exoge-
nous effect that the model is not able to explain
(Martinez & Silva, 2011).

The time series in the ARIMA model
should be a stationary and stochastic sequence
with zero mean (Hyndman & Athanasopoulos,
2018; Wang, 2019). As a result, the unsmooth
sequence should be transformed into a statio-
nary series by difference transformation so that
the ARMA model becomes the ARIMA model.
Specifically, if “d” indicates the difference order,
the model is written as ARIMA(p, d, q) without
seasonal component, ARIMA (sp, sd, sq) with
seasonal components, and ARIMA(p, d, q)(sp, sd,
sq) complex model (Hyndman & Athanasopou-
los, 2018; Wang, 2019).

The complex model, which is suitable for
a general sequence, is the most advantageous
among these models. Therefore, it is necessary
to order p, d, q, sp, sd, and sq to create the ARIMA
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Figure 1. The Number of Funerals in Jakarta, 2010 - 2020

model. Generally, the successive steps have been
taken to create the ARIMA model including sta-
tionarity, identification, and estimation, as well
as diagnosis and forecasting (Hyndman & At-
hanasopoulos, 2018; Wang, 2019).

(1). Sequence Stationarity

The time series (monthly funerals data per
day from 2010 to 2018) was found to be non-
stationary. As a result, the standard differential
method was successively used to transform this
unsmooth series into a stationary one (Hyndman
& Athanasopoulos, 2018; Wang, 2019).

Subsequently, the basic sequence diagram
and the transformed sequence diagram were used
to determine stationarity and pattern. The se-
quence stationarity was then tested using Kwiat-
kowski—Phillips—Schmidt—Shin (KPSS) unit root
test in R software (Hyndman & Athanasopoulos,
2018).

(2). Identification

Firstly, the randomness, stationarity, and
seasonal features of the time series were recog-
nized and analyzed through the evaluation of the
autocorrelation function (ACF) and partial auto-
correlation function (PACF). Subsequently, the
orders of the model were generally determined
from 0 to 2 by the AIC and BIC, whose orders
were rarely more than 2. Finally, several rough
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models had been recognized by differently com-
bining 0, 1, and 2; meanwhile, the optimal mo-
del with minimum AIC and BIC was eventually
selected (Hyndman & Athanasopoulos, 2018;
Wang, 2019).

(3). Estimation and Diagnosis

The appropriateness of the candidate mo-
del was diagnosed using the error series test (et),
where ‘et’ was the residual error representing the
difference value between the actual and predicted
funeral. It was expected to be a white noise for an
appropriate model. The white noise was recog-
nized using the Box—Ljung test. In other words,
the residual error must be random with no statis-
tical significance in the residual correlation test.
According to the residual irrelevant principle,
the model was suitable for forecasting if its resi-
dual series was white noise; otherwise, the model
should be improved and re-identified (Hyndman
& Athanasopoulos, 2018; Wang, 2019).

(4). Forecasting and Assessment

The optimum ARIMA was applied to test
monthly funerals data forecasting from 2019 to
2020. The fitting effect of the ARIMA model bet-
ween the real and the predicted values was de-
termined by evaluating that the real values had
fallen within the 95% confidence interval of the
predicted values. The difference between the pre-
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Figure 2. The Number of Funerals per day in Jakarta, 2010 - 2020
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Subseries Seasonal plot: The Number of Funerals Per Day in Jakarta 2010 - 2019
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Figure 3. Subseries Seasonal Plot

diction and the test set data called forecast error
(Hyndman & Athanasopoulos, 2018). It might
be assumed as an unpredictable situation that
happened in the period. Forecast Error is distinct
from the residual error that measures the differen-
ce between the prediction and the training data
used in building the model. It is different from
residual error.

Statistical Analysis

R software was used to analyze the time
series, define the time variable, and estimate the
stationarity. Moreover, the series and correlation
were plotted, and the Box-Ljung test was con-
ducted. ARIMA model fitting tests were also car-
ried out, including standard error, log-likelihood,
AIC, and BIC, and residual error using R soft-
ware.

RESULTS AND DISCUSSION
Descriptive Analysis Funerals per day in Ja-
karta from 2010 to 2019
(1). Funerals in Jakarta from 2010 to 2019
As is shown in Figure 1, a total of 318,770
funerals were observed from January 2010 to
March 2020. The funerals showed a wave-like
rising tendency year by year. If the outlier situati-
on in March was ignored, the median of funeral
110 -
100 -
90 -
80-
70-

2010

2014

would be 2,584 people, with the minimum was
1,973 people in December 2011 and the maxi-
mum was 3,404 people in March 2016. In March
2020 the number of funerals has reached 4,377
people, the highest point in ten years.

As is shown in Figure 2, the funerals per
day also showed a wave-like rising tendency from
January 2010 to March 2020. If the outlier situ-
ation in March was ignored, the median of fune-
ral per day would be 85,6 people, with the mini-
mum was 64 people in December 2011 and the
maximum was 110 people in March 2016. This
was strongly indicated that something terrible
has occurred and affected in March 2020 when
the number of funerals per day has reached 141
people, the highest point in ten years. Figure 2 as
a calendar adjustment of funerals was smoother
than Figure 1. Therefore, this data should be used
for the ARIMA model.

(2). Time Distribution

An alternative plot that emphasizes the
seasonal patterns is where the data for each sea-
son are collected together in separate mini time
plots. The horizontal lines indicate the means for
each month. Based on the Figure 3, the mean of
funerals per day in March is the highest, followed
by February and April. This means that usually

2016 2018

Lag Lag
Figure 4. Original Number of Funerals per day in Jakarta
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Figure 5. Identification of The First Difference of The Number of Funeral Per Day in Jakarta

the quarter is the hardest time for Jakarta.
ARIMA Model Forecasting Analysis

(1). Sequence Characteristic Analysis and
Transformation

Firstly, a monthly series from 2010 to 2018
was compiled and drawn, as seen in Figure 4.
The original series showed an upward or down-
ward pattern with a seasonal cycle rhythm, which
was not smooth and had uneven variances. The
slow decrease in the ACF as the lags increase is
due to the trend, while the “scalloped” shape in
lag 12 and 24 is due to the seasonality (Hyndman
& Athanasopoulos, 2018). Therefore, the original
sequence was transformed into a random one
through the methods of difference successively
(Hyndman & Athanasopoulos, 2018). Finally,
the time series displayed a random and stationary
trend (Figure 5).

The sequence stationarity was then te-
sted using Kwiatkowski—Phillips—Schmidt-Shin
(KPSS) unit root test in R software, as follows.

The value of the test statistic is 0.0249
or lower than 0.05. This means that the data is
stationary and could be analyzed using ARIMA
(d=1) model. Then, the data was also tested for
normality and randomness using the Shapiro Test
and the Ljung-Box Test as follows.
> shapiro.test(diff(ypd))

FHGRREEGERE SRR RN R R
# KPS5 Unit Root Test #
HEBRRNE R R BRI R BRI E

Test is of type: mu with 4 lags.
value of test-statistic is: 0.0249
critical value for a significance level of:

10pct Spect 2.5pct  lpct
critical values 0.347 0.463 0.574 0.739

Shapiro-Wilk normality test

data: diff(ypd)
W =0.9952, p-value = 0.9736

> Box.test(diff(ypd), lag=10, type="Ljung-Box")
Box-Ljung test

data: diff(ypd)
X-squared = 15.481, df = 10, p-value = 0.1155

(2). Identification

The significant spike at lag 1 in the ACF
suggests a non-seasonal MA(1) component,
and the significant spike at lag 12 and 24 in the
ACF suggests a seasonal MA(2) component.
Consequently, we begin with an ARIMA (0,1,1)
(0,0,2)12 model, indicating a first difference, and
non-seasonal and seasonal MA(1) components.
By analogous logic applied to the PACF, we
could also have started with an ARIMA (1,1,0)
(2,0,0)12 model.

After the orders were identified, we ob-
tained 10 rough models: ARIMA(1,1,1)(0,0,2)12,
ARIMA(1,1,1)(2,0,0)12,ARIMA(0,1,1)
(2,0,0)12,ARIMA(0,1,1)(2,0,0)12,ARIMA
(0,1,2)(2,0,0)12,ARIMA(0,1,2)(0,0,2)12,ARI-
MA(0,1,1)(2,0,0)12,ARIMA(0,1,1)(2,0,0)12,
ARIMA(2,1,0)(2,0,0)12,andARIMA(2,1,0)
(0,0,2)12.

Discussion

Figure 6 showed the 10 selected ARIMA
models are capable of predicting test data well
(2019-Feb 2020). All situations from 2019 to
February 2020 fall within the estimated range of
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Figure 6. The plot of the confidence interval of prediction and the actual data of funerals in Jakarta
from January 2019 to March 2020

the model. Ironically, no model could predict the
interval reached 141.19 in March 2020 as shown
more clearly in the table below:

If the impact of COVID-19 is previously
believed to be unpredictable, the difference bet-
ween the real and predicted (upper limit) of each
model in March may prove to be the forecast er-
ror assumed as the effect of COVID-19. The de-
tail of this will be found in Table 2.

It can be seen from Table 2 (column 3)
that there was a difference or forecast error of
the model between 450 — 1070 people in March.
This may be believed to be the number of deaths
caused by COVID-19. Not only, as a positive CO-
VID-19 individual (column 4) but also as another
previously undetectable reason.

Table 2 shows that the definition of dea-
th impact of COVID-19 is not only the positive
infected cases but also from undetected death.
Several reasons probably made the number of
deaths that happened during the month signifi-
cantly higher than the death rate reported. First-
ly, the nature of the coronavirus that is difficult
to be identified. Some people infected with the

virus have no symptoms. When the virus does
cause symptoms, common ones include fever,
dry cough, fatigue, loss of appetite, loss of smell,
and body ache. In some people, COVID-19 cau-
ses more severe symptoms like high fever, seve-
re cough, and shortness of breath, which often
indicates pneumonia (Harvard, 2020). A lot of
people are dying even before the infection could
be detected.

Secondly, the number of people who could
not access health care due to this condition for
some reason. After all, the supply of doctors, nur-
ses, and paramedical staff is not limitless. The
amount of care and time they can give is limited.
And if they fall prey to the virus, they will be iso-
lated as well, which means their services are lost.
The hospital beds can be summed up to a finite
number, as can the number of intensive care unit
beds and paraphernalia available in any country.
Finally, the emergence of coronavirus doesn't
mean that other illnesses like heart attacks, stro-
ke, and cancers become any less prevalent (Tho-
mas, 2020). The people may have other illnesses
but when they get sick, this will be a vital moment
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Table 1. Forecasting 2020 condition

Model Jan 20 = 101.26 Feb 20 = 87.55 Mar 20 = 141.19

ARIMA 14 Point Hi Lo Point Hi Lo Point Hi
0,1, 69.45 92.14 114.83 70.80 94.45 118.09 70.34 94.90 119.46
(2,0,0)

0,1,1) 68.10 92.00 115.89 68.51 93.45 118.38  67.33 93.26 119.19
(0,0,2)

0,1,2) 71.58 92.33 113.08 72.88 94.44 116.00 72.56 94.86 117.16
(2,0,0)

0,1,2) 71.34 92.17 113.01 71.83 93.48 115.13  70.97 93.35 115.74
(0,0,2)

(1,1,1) 76.46 90.80 105.15 77.94 92.50 107.06  78.11 92.83 107.55
(2,0,0)

(1,1,1) 75.92 90.59 105.27 76.79 91.70 106.60  76.56 91.63 106.71
(0,0,2)

in their lives due to this situation.

We all hope that this pandemic will be
overcome as quickly as possible. But no one kno-
ws when the pandemic is coming to an end. Data
may be the key to the solution of this problem.
Without reliable data, it's really hard for us to
learn and predict how the corona pandemic in
Indonesia will be. This analysis tries to fulfill this
gap information. It suggests another potential
number of possible death impacts of COVID-19
that may be significantly higher than the report.

The data aim to provide a guide to the
public. The public will use it as a guide to risk
assessment, decision-making, and their lives ma-
nagement. Data is really important in a pandemic
like this. Based on the output of the model (Table
2, column 5, and 7), the undetectable deaths were

4 to 11 times compared to those caused by a po-
sitive COVID-19 report on April 1, 2020. People
need to be informed that the effect of COVID-19
must be higher than recorded so that they can be
more conscious and alert of COVID-19.

The Indonesian government has imple-
mented many public recommendations to deal
with COVID-19. The participations from the
community are a vital role to overcome this pan-
demic condition. The community should imple-
ment the social distancing and self-isolation pro-
tocol. The personal hygiene behavior, including
hand-wash, should be implemented regularly, as
soon as we have touched anything (Hamid, 2020).
Moreover, it is essential to educate the public to
recognize unusual symptoms such as chronic
cough or shortness of breath so they could seek

Table 2. The Difference of the model assumed as an impact of COVID-19 (Forecast error)

Difference (people) Death Impact (people)
Model — COVID-19 Undetected
Per day Per month  Positive Undetected %) (((4)/ Ratio (5)/
ARIMA (2)x31 reported on  death (3))*100) )
April 1 ((3)-(4)

€] 2) 3) “4) (©) (6) @)
0,1,1) 21,74 674 85 589 12,61 6,93
(2,0,0)
0,1,1) 22,00 682 85 597 12,46 7,02
0,0,2)
0,1,2) 24,03 745 85 660 11,41 7,76
(2,0,0)
0,1,2) 25,46 789 85 704 10,77 8,28
0,0,2)
(1,1,1) 33,65 1043 85 958 8,15 11,27
(2,0,0)
(1,1,1) 34,49 1069 85 984 7,95 11,58
0,0,2)
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medical care to detect the virus early (Harapan,
et al., 2020).

After all, the people will sincerely be-
lieve that obeying the law and following the
government’s rule are crucial. Social distancing,
washing hands regularly, and avoiding mee-
ting are several activities that could help us and
support each other. Together, we could slow the
spread of the virus means the case doesn't be-
come too heavy to be dealt with by the limited
health resources available to handle it. Moreover,
we could reduce unnecessary deaths as well as
the impact of COVID-19.

CONCLUSION

Coronavirus Disease 2019 (COVID-19) is
a pandemic that also has an impact on the death
toll in Jakarta. There was a difference between
the actual and predicted of the model or forecast
error between 450 — 1070 people in March in Ja-
karta. This may be another potential number of
possible death impacts of COVID-19 that should
be significantly higher than the report. The peop-
le should be more conscious and alert of CO-
VID-19 situation. Obeying the law and following
the government’s rule are crucial to reduce the
spread of Covid-19 as well as its death impact.
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