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Abstract: The global outbreak of coronavirus disease 2019 (COVID-19) has posed a severe
threat to public health and caused widespread socioeconomic disruptions in the past
several years. While the pandemic has subsided, it is essential to explore effective disease
surveillance tools to aid in controlling future pandemics. Several studies have proposed
methods to capture the epidemic trend and forecast new daily confirmed cases. In this
study, we propose the use of exponentially weighted moving average (EWMA) control
charts integrated with time series models to monitor the number of daily new confirmed
cases of COVID-19. The conventional EWMA control chart directly monitors the number of
daily new confirmed cases. The proposed methods, however, monitor the residuals of time
series models fitted to these data. In this study, two time series models—the auto-regressive
integrated moving average (ARIMA) model and the vector auto-regressive moving average
(VARMA) model—are considered. The results are compared with those of the conventional
EWMA control chart using three datasets from India, Malaysia, and Thailand. The findings
demonstrate that the proposed method can detect disease outbreak signals earlier than
conventional control charts.

Keywords: average run length; COVID-19; control charts; residuals; time series model
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1. Introduction

The emergence of the coronavirus disease 2019 (COVID-19) pandemic has brought
unprecedented challenges and disruption to the world. The first COVID-19 case was found
in Wuhan in December 2019 [1]. The initial outbreak of this infectious disease profoundly
affected societies, triggering widespread health concerns, economic uncertainties, and
social unrest [2,3]. As the virus rapidly spreads throughout the world, its devastating
consequences prompt a critical need for innovative methodologies to understand and
manage the evolving crisis. Obtaining an estimate of the anticipated upcoming cases is
crucial, as it helps healthcare systems and relevant authorities to prepare for the forecasting
of daily new confirmed cases [4-6].

Time series analysis is a useful tool for understanding the underlying causes of trends
or systemic patterns over time in epidemiology applications, particularly in forecasting
COVID-19 dynamics [7-9]. Widely applied in traditional financial statistics, time series
models, such as auto-regressive integrated moving average (ARIMA) and vector auto-
regressive moving average (VARMA), have found extensive use in predicting confirmed
cases of COVID-19 [10]. This is attributed to their ability to capture temporal dependencies
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within data, providing a more nuanced understanding of trends over time compared to
conventional models [11].

In addition to using time series models to forecast COVID-19 cases, control charts
can also be used to monitor COVID-19 dynamics [12-14]. The utility of control charts in
industrial applications is well established, providing a systematic means of identifying
variations and ensuring quality control [15,16]. In the context of epidemiology, the expo-
nentially weighted moving average (EWMA) control chart is instrumental in monitoring
biological data that are series-correlated, especially where COVID-19 confirmed cases are
highly correlated with previous cases [17]. Different from the prior research that primarily
focused on the use of ARIMA and VARMA models for the prediction of COVID-19 [18],
this study aims to integrate the ARIMA and VARMA models with EWMA control chart
to develop residual-based EWMA control charts (RECCs) for monitoring daily COVID-19
confirmed cases. Residual-based charts use residuals from the time series model as the
data being monitored. The conventional EWMA control chart monitors the observed data
instead of residuals. RECCs are compared with the conventional EWMA control chart in
terms of average run length (ARL) criterion. The results show that RECCs outperform the
conventional observation-based EWMA control chart in three datasets, including data from
India, Malaysia, and Thailand.

2. Materials and Methods
2.1. Data

This study utilizes data obtained from the website “Our World in Data” (https://
ourworldindata.org/) for analysis. The data are provided as a Supplementary File (Table S1).
The aim is to predict the second major wave of COVID-19 early by monitoring the number
of daily confirmed cases. Data from three countries—India, Thailand, and Malaysia—are
included in this study. We investigate the data to identify the second major wave in these
countries. The data from up to one or half a month before the second wave are used as
historical data to construct control charts.

The historical data cover the timeframe from January 2020 to one or half a month
before the onset of the second wave in each respective country. The period of the historical
data and the significant events regarded as another wave are provided in Table 1.

Table 1. Data information.

Country Period Significant Event
On 24 March 2021, a key announcement revealed a viral
Indi 30 January 2020, to 28 mutation, marking a critical point in the outbreak.
ndia
February 2021 By 29 March, confirmed cases had surpassed 12 million,
underscoring growing severity.
On 12 February 2022, Malaysia surpassed three million
confirmed cases.
Malaysia 3 January 2020 to 31 By 16 February, daily cases hit a record high, prompting an
January 2022 . L
investigation.
On 23 February, daily cases exceeded 30,000 for the first time.
. 3 January 2020 to 30 From 14 to 16 April 2021, Tha1'land tlghtened' preventive
Thailand March 2021 measures and control over major transportation, marking a key

moment in efforts to curb the virus.
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2.2. Time Series Model

Time series analysis is a powerful statistical method used for analyzing a sequence
of data points collected over an interval of time, uncovering underlying patterns and
trends in the data [19]. Compared to the traditional model that does not account for the
time-dependent structure of data, the significant advantage of time series models lies in
their ability to capture complex temporal dependencies within data. In this study, we
employ time series modeling to analyze COVID-19 data, concentrating on two prominent
time series models: the auto-regressive integrated moving average (ARIMA) model and
the vector auto-regressive moving average (VARMA) model [20,21].

The mathematical expression of the ARIMA model denoted as ARIMA (p, d, q) is
given as follows:

vi=c+ Zip:l b;vi_i + Z?:l Oiet_i + €t

where v denotes the dth difference of data, c is a constant, d){s are the parameters of the
auto-regressive (AR) part of the model, 6;’s are the parameters of the moving average (MA)
part of the model, and ¢ is an error at time t.

ARIMAX is an extension of the traditional ARIMA model that incorporates additional
variables, referred to as exogenous variables [22]. The mathematical expression of the
ARIMAX model is given as follows:

vi=ct+ ) b divisi+ Y o Bie i+ Y o BiXei+ et 1

where B!s are the coefficients of the regressors and x;’s are the exogenous variables of the
time series model.

The VARMA model constitutes a robust extension of the ARIMA model which has
been developed to handle multivariate time series data. The mathematical expression of
the VARMA (p, q) model is given as follows:

P 9
Yi=c+ Z DY + Z Qi€+ €
i=1

i i=1

where Y; denotes the h-dimensional data at time t, ®;’s are har coefficient matrices for the
AR part with lag i, Oj)’s are har coefficient matrices for the MA part with lag i, and €; is the
h-dimensional error vector at time t.

The Akaike information criterion (AIC) can be used to evaluate statistical models [23]:

AIC = —2log(L) + 2k

where L is the maximized value of the likelihood function for the model and k is the number
of model parameters. A revised form of AIC known as the corrected Akaike information
criterion (AICC) has been proposed that is particularly useful for small sample sizes [24]:

2k(k+1)

AICC = AIC +

where n is the sample size. By accounting for the connection between sample size and
model parameters, AICC strives to provide a more accurate assessment of model quality in
situations with limited data.
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2.3. Control Chart

The ARIMAX and VARMA models are integrated with the control chart to monitor
the COVID-19 data in this study. The EWMA control chart statistic is the exponentially
weighted moving average at time i:

zi = Awi + (1 = N)ziq 2)

where wj is the data at time i, zy) = w1, and A is a constant with 0 < A < 1.
The Equation (2) can be rewritten:

[uny

i— . .
Zi = A (1 — }\)]Wi_]‘ + (1 — 7\)120
=0

The upper control limit (UCL) of an EWMA control chart for monitoring z; is
as follows:

20+ Lo\/zfA [1— (1= A)2] 3)

where L is the factor of the control chart and o is the standard deviation of the data [25].
When i increases, the term (1 — 7\)21 in (3) decreases. As a result, (3) tends to

[ A
Zy + Lo ﬁ (4:)

as i goes to infinity. In this study, we use (4) as an upper control limit, and L is selected to
satisfy certain conditions.

The EWMA control chart is used to monitor COVID-19 outbreaks [26,27]. To the best
of our knowledge, the residual-based EWMA control charts integrated with time series
models have not been used to monitor COVID-19 data.

The ARL criterion is commonly used to evaluate the performance of a control chart,
which is the average number of samples taken before an out-of-control signal is given. The
notations ARLy and ARL; denote the values of ARL when the process is under control and
out of control, respectively. When using the ARL criterion to compare the performance
of different types of control charts, there is a need to conduct a simulation study to find
factors satisfying the same ARL for each control chart, and then compare their ARL;s for
out-of-control cases. The control chart with the smallest ARL; is regarded as the preferable
control chart. However, in this study, we compare the control charts using the real dataset.
As a result, we use a simulation study to construct control charts such that they have the
same ARL( and then we evaluate their performances by the examination of which chart
can detect the signal of the second wave earlier. Because, in this case, we can compare the
results using real data, we do not need to conduct a simulation study to compare their
ARLy’s.

2.4. The Proposed Methods

To apply the EWMA control chart to monitor the number of daily confirmed cases of
COVID-19 data, the daily observed data can be directly used to construct EWMA charts.
However, in our analysis, the EWMA control chart based on the daily observed data cannot
efficiently detect an out-of-control signal. Therefore, we propose constructing EWMA
control charts for the residuals obtained from the ARIMAX or VARMA models to monitor
COVID-19 data. In this study, RECCs are compared with the conventional EWMA control
chart constructed using observations rather than residuals, referred to as observation-based
EWMA control charts (OECCs) in this study.
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Let O, t =1,---,m be the daily observation data which are used as historical data.
Let Oyt = h,--- ,m(h > 1) be the predicted data obtained from ARIMAX or VARMA.
Note that 1 may not be 1 because calculating Oy needs initial data. Let

Re= (0 — Oy ®)

denote the residuals. The OECC is the EWMA control chart constructed based on the
data Oy, where t = 1,--- ,m. The OECC constructed is used to monitor future data
O, t=m+1,---. The RECC based on the ARIMA model is the EWMA control chart
constructed based on the data Ry, t = h, - - - , m, which are the residuals obtained from the
ARIMA model. That is, we use Oy, t = 1, - - , m to fit an ARIMAX model, and calculate Ry,
i="h,---,m. Then, we construct RECC to monitor Ry, t =m + 1, - -. The RECC based on
the VARMA model is constructed similarly, except the ARIMAX model is replaced with the
VARMA model.

In this study, we only need to consider an upper control limit (UCL) and not a lower
control limit, as our primary concern is whether the number of confirmed cases is large
rather than small. Therefore, the evaluation of these charts focuses solely on the UCL. These
charts are compared under different ARL( conditions. The method first involves setting
an ARLy. For the OECC chart, to find a UCL to satisfy this specified ARLj, we conduct a
simulation study by randomly choosing data from historical data O, t =1, -- ,m. Then,
we can find an L in (3) such that the ARL is close to the specified ARLy. For the RECC chart,
we follow the same steps as the OECC chart to find the value of L, except for choosing data
from historical data R;,t =1, - - -, m. Based on these constructed charts, we compare the
ARL; of these charts.

Procedure 1. The implementation of the RECC method based on the ARIMAX model.

Step 1. Fit the one-dimension observation data Oy, and select the exogenous variables
data x; ;s with the ARIMAX model based on AIC or AICC criteria.

Step 2. Calculate the residuals R; based on the fitted ARIMAX model.

Step 3. Set an ARLj and determine a parameter value A for the EWMA control chart.

Step 4. Find a factor L for the EWMA control chart by resampling the data from the
residuals obtained in Step 2 to achieve the ARL determined in Step 3. Then, the EWMA
control chart with this obtained L is the proposed RECC based on the ARIMAX model.

The steps of performing RECC based on the VARMA model are similar to those
outlined in Procedure 1, except for replacing one-dimension observation data and the
ARIMAX model with multiple-dimension data and the VARMA model, respectively.

3. Results
3.1. India

By investigating the history and data, we identified several notable occurrences as
marking the beginning of the second wave in India (Table 1). On 24 March, a pivotal
announcement was made about the detection of a viral mutation. By 29 March, the cumula-
tive number of confirmed cases had surpassed 12 million, underscoring the gravity of the
escalating situation. We regard these events as second waves and assess the effectiveness
of the proposed method in predicting them.

The historical data used for the India case consist of approximately 396 days, spanning
from 30 January 2020 to 28 February 2021. The monitoring period is from 1 March 2021 to
31 March 2021. To construct RECC based on the ARIMAX model, we identified possible
interventional events and selected them as exogenous variables based on the AIC or
AICC criteria. The exogenous variables selected for the ARIMAX are the three variables
“lockdown”, “unlock”, and “vaccine” presented in Table 2. In the VARMA model, three-
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dimensional data are used, including daily COVID-19 confirmed case numbers, daily
COVID-19 testing numbers, and daily new death counts. In this study, we mainly focus on
monitoring the daily COVID-19 confirmed case number. The other two variables in the
VARMA model are used to increase the accuracy of model fitting.

Table 2. Interventional events in India.

Interventional Event Time Interval
Lockdown 25 March 2020~31 May 2020
Unlock 8 June 2020~28 February 2021
Vaccine 16 January 2021~31 March 2021

The best ARIMAX and VARMA models under the AICC criterion for the India data
are ARIMAX (2, 2, 2) and VARMA (1, 0), respectively. Therefore, we compare three control
charts: OECC, RECC based on the ARIMAX (2, 2, 2) model, and RECC based on the
VARMA (1, 0) model. In this case, A in (4) is selected to be 0.2. Several scenarios are
considered to compare these three charts. This includes the cases where ARL is 10, 20, 50,
100, 200, and 400.

Tables 3-5 provide UCLs for the different specified ARLg values of the three charts,
respectively. Figures 1-3 display the results of the three control charts for ARLj values
of around 50, 100, and 200. Figure 1 shows that OECC is too conservative to detect the
out-of-control signal. RECC based on ARIMAX (2, 2, 2) in India is shown in Figure 2, which
signals around March 18. Figure 3 reveals that RECC based on VARMA model signals
around March 13. In the India case, both RECC methods perform better than OECC along
with all specified ARLy values. This outcome shows the shortcomings of the regular OECC
technique. It lagged in detecting signals and, most importantly, completely missed the
warning signs that a serious second wave of the epidemic was coming.

Table 3. The UCLs and signal dates of OECC for India.

Methodology ARL, UCL The First Signal Date
Observation 9.9 73,785.180 No detection
19.8 83,356.369 No detection
495 89,830.176 No detection
99 91,364.915 No detection
198 92,481.088 No detection
396 92,564.801 No detection

Table 4. The UCLs and signal dates of ARIMA-RECC for India.

Methodology ARL, UCL The First Signal Date
ARIMA (2,2,2) 9.9 1037.954 14 March 2021
19.8 1438.835 17 March 2021
49.5 1819.166 17 March 2021
99 2412.036 17 March 2021
198 2591.015 18 March 2021

396 2702.877 18 March 2021
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Table 5. UCLs and signal dates of VARMA-RECC for India.

Methodology ARLy UCL The First Signal Date
VARMA (1, 0) 9.9 2765.219 11 March 2021
19.8 3942.714 12 March 2021
49.5 4832.036 13 March 2021
99 5304.451 13 March 2021
198 5540.659 13 March 2021
396 5776.866 13 March 2021

OECC for India

—o— EWMA
90000 { —— ARL;: 49.5 & UCL: 89830.176
ARLy: 99 & UCL: 91364.915
—— ARL:: 198 & UCL: 92481.088
80000
w
@ 70000
n
©
(]
]
@ 60000
£
=
=
c
G 50000
|8
2>
‘©
O 40000
30000
20000
1 5 9 B 17 2 25 29

Date (March 2021)

Figure 1. OECC for Indian data.

ARIMAX(0,2,5) RECC for India

30000 1 _o- EWMA

ARLo: 49.5 & UCL: 2099.948
ARLy: 99 & UCL: 2485.700
25000 | — ARLs: 198 & UCL: 2865.690

20000

15000

EWMA

1 5 9 B 7 21 % 29
Date (March 2021)

Figure 2. RECC based on the ARIMAX model for Indian data.
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VARMA(1,0) RECC for India

ARLy: 49.5 & UCL: 4832.036
ARLo: 99 & UCL: 5304.451
198 & UCL: 5540.659

5 9 13 17 21 25 2
Date (March 2021)

Figure 3. RECC based on the VARMA model for Indian data.

3.2. Malaysia

By analyzing the history and data, several pivotal events were identified in Malaysia
as marking the beginning of the second wave of the COVID-19 pandemic in 2022 (Table 1).
In particular, on 12 February, the nation crossed a significant threshold, surpassing 3 million
total confirmed cases, signifying the escalating severity of the epidemic. Subsequently, on
16 February, Malaysia experienced a concerning surge in new daily cases, reaching a record
high of 27,734. This surge intensified further on 23 February, as daily cases soared past
30,000 for the first time, peaking at 31,199. We consider these events to be second waves
and evaluate the effectiveness of the proposed method in predicting the second wave.

The number of historical data points used for the Malaysia case was about 760, with
the period assessed running from 3 January 2020 to 31 January 2022. The monitoring
period was from 1 February 2021 to 2 March 2021. The exogenous variable used for the
ARIMAX is “lockdown”, with results presented in Table 6. In the VARMA model, the
three-dimensional data used for the VARMA model are daily COVID-19 confirmed case
numbers, daily COVID-19 testing numbers, and daily new death counts. As in the India
case, we monitor the daily COVID-19 confirmed case number, and the other two variables
are used to increase the accuracy of the model fitting. The best ARIMA and VARMA models
under the AICC criterion for the Malaysia data are ARIMAX (2, 1, 2) and VARMA (1, 0),
respectively. The scenarios cases of ARL being 10, 20, 50, 100, 200, and 400 are considered
to compare the three control charts.

Table 6. Interventional events in Malaysia.

Interventional Event Time Interval

18 March 2020~18 February 2021
12 May 2021~28 June 2021

Lockdown

Tables 7-9 provide UCLs for the different specified ARLg values of OECCs and RECCs
based on ARIMAX and VARMA models, respectively. Figures 4-6 display the results of the
three control charts. Similar to the India case, the OECC is too conservative to detect the
out-of-control signal (Figure 4). From Figures 5 and 6, it is evident that compared to the
original OECC method, RECCs based on the ARIMAX and VARMA models yield better
signal detection results for different ARL, settings. In these cases, signals are detected
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between 2 and 5 February, which are 5 to 12 days earlier than the day detected using the
OECC method. The reliability of the earlier detection of signals using RECCs presents a
considerable advantage over the conventional OECC method.

Table 7. The UCLs and signal dates of OECCs for Malaysia.

Methodology ARL, UCL The First Signal Date
Observation 8.539 7012.608 7 February 2022
50.667 19,026.456 16 February 2022
152 20,949.153 17 February 2022
190 21,281.184 17 February 2022
380 21,478.690 17 February 2022
760 21,677.600 17 February 2022

Table 8. The UCLs and signal dates of the ARIMAX-RECC model for Malaysia.

Methodology ARL, UCL The First Signal Date
ARIMA (2,1, 2) 8.539 138.770 2 February 2022
50.667 428.418 4 February 2022
152 677.578 5 February 2022
190 708.724 5 February 2022
380 786.586 5 February 2022
760 864.448 5 February 2022

Table 9. The UCLs and signal dates of the VARMA-RECC model for Malaysia.

Methodology ARLp UCL The First Signal Date
VARMA (1, 0) 8.539 148.876 4 February 2022
50.667 342.676 5 February 2022
152 520.972 5 February 2022
190 528.724 5 February 2022
380 559.733 5 February 2022
760 652.757 5 February 2022

OECC for Malaysia

—o— EWMA,
ARL>: 63.333 & UCL: 20708.690
ARLs: 126.667 & UCL: 21307.828
25000 { — ARLy: 253.333 & UCL: 21695.455

20000

15000

Daily Confirmed Cases

10000

) 17 21 25 2
Date (February 2022)

Figure 4. OECC for Malaysia data.
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ARIMAX(2,1,2) RECC for Malaysia
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Figure 5. An RECC based on the ARIMA model for Malaysia data.
VARMA(1,0) RECC for Malaysia
—o— EWMA,
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ARLs: 126.667 & UCL: 497716
15000 ARLs: 253.333 & UCL: 541.128
12500
10000
<
=
g
7500
5000
2500
0 ——o"
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Figure 6. An RECC based on the VARMA model for Malaysia data.

3.3. Thailand

By analyzing historical records and data, several pivotal events in Thailand during
the COVID-19 pandemic of 2020 were identified as the beginning of the second wave
(Table 1). The traditional Thai New Year (Songkran Festival) is held from 13-14 April. Due
to the escalating situation of COVID-19, the local government canceled large celebrations
in an effort to reduce the risk of virus transmission during large gatherings. Despite these
precautions, confirmed cases increased sharply on April 14, highlighting the challenges of
controlling the spread of the virus during the holiday season. Subsequently, on 16 April, the
government further escalated domestic epidemic prevention measures, including closing
large public places and implementing stricter social distancing protocols. We identify these
events as second waves and evaluate how effectively the proposed method predicts them.

The number of historical data points used for the Thailand case is about 454. The
period examined ran from 3 January 2020 to 30 March 2021. The best ARIMAX and VARMA
models under the AICC criterion for the Thailand data are ARIMAX (1, 1, 2) and VARMA
(1, 0), respectively. The exogenous variables used in the ARIMAX model for the Thailand
data are the “lockdown”, “bank close”, and “airline shutdown”. These are presented
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in Table 10. Three variables, including daily COVID-19 confirmed case numbers, daily
COVID-19 testing numbers, and daily new death counts, are considered in the VARMA
model. The scenarios include cases of ARL( being 10, 20, 50, 100, 200, and 400, and these

are considered to compare the three control charts.

Table 10. Interventional events in Thailand.

Time Interval

22 March 2020~15 June 2020
25 March 2020~29 March 2020
1 April 2020~30 April 2020

Interventional Event

Lockdown
Bank close
Airline shutdown

Tables 11-13 provide UCLs for different specified ARLy values for the three charts,
respectively. Figures 7-9 display the results of the three control charts. Similar to the
India and Malaysia cases, RECCs have better performances than OECCs for different ARLg
settings. In these cases, signals are detected between 5 and 9 April, approximately 2 to
5 days earlier than the OECC method, which detects signals between 7 April and 14 April.

Table 11. The UCLs and signal dates of OECCs for Thailand.

Methodology ARLy UCL The First Signal Date
Observation 10.558 153.119 7 April 2021
41.273 447.710 11 April 2021
90.8 634.655 13 April 2021
113.5 683.167 14 April 2021
227 718.008 14 April 2021
454 733.926 14 April 2021

Table 12. The UCLs and signal dates of the ARIMA-RECC model for Thailand.

Methodology ARL, UCL The First Signal Date
ARIMA(1, 1, 2) 10.558 7.804 5 April 2021
41.273 82.588 7 April 2021
90.8 111.967 8 April 2021
113.5 113.303 8 April 2021
227 129.328 8 April 2021
454 149.359 9 April 2021

Table 13. The UCLs and signal dates of the VARMA-RECC model for Thailand.

Methodology ARL, Modified UCL First Signal Date
VARMA(1, 0) 10.558 9.091 5 April 2021
41.273 91.182 8 April 2021
90.8 101.144 8 April 2021
113.5 102.568 8 April 2021
227 121.069 9 April 2021
454 128.185 9 April 2021
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Figure 7. OECCs for Thailand data.
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Figure 8. The RECC based on the ARIMAX model for Thailand data.
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Figure 9. The RECC based on the VARMA model for Thailand data.
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4. Discussion

This study uses the past data from three countries to validate the efficiency of the pro-
posed methods for the real-time monitoring of COVID-19 daily confirmed cases. Although
the COVID-19 pandemic has subsided, past data and experiences can serve as valuable
resources to aid in public health planning for ongoing or future pandemics. Therefore, the
success of established prediction methods in analyzing past data may provide useful tools
to assist these countries in making accurate decisions during future pandemics.

The technique of combining control charts with time series models has been established
and applied in data analysis in other applications [28,29]. This study first applies this
method to COVID-19 data prediction. We innovatively applied EWMA control charts to the
residuals of time series models to monitor daily confirmed COVID-19 cases. This approach
enhances the detection of small shifts in trends, which is critical for early warnings during
pandemic outbreaks. In addition to the models used in this study, other models that can
handle nonlinear or non-stationary data have the potential to be incorporated with the
control chart technique for COVID-19 data prediction. The advanced time series models
or machine learning methods such as long short-term memory networks or the Prophet
model can be studied further [30,31].

In these proposed methods, there are several parameters for determination. In the time
series models, AICC is applied to select the models. In the EWMA chart, the parameter A is
usually selected to be small, such as 0.2, to ensure the current observation has a large weight
compared with the past data. In addition to the value of A = 0.2 used in the result section,
we present two other cases, with values of A = 0.1 and 0.3, in this section. Tables 14 and 15
provide the detection days of these two scenarios. The results demonstrate that RECCs
can predict the second wave earlier than the OECC regardless of the different A selected in
some ranges.

Table 14. A = 0.1 and comparison of corresponding results.

A Count OECC RECC (ARIMA)  RECC (VARMA)
y First Signal Date  First Signal Date  First Signal Date
India No detection 18 March 2021 15 March 2021
0.1 Malaysia 22 February 2022 5 February 2022 6 February 2022
Thailand 15 April 2021 9 April 2021 9 April 2021

Table 15. A = 0.3 and comparison of corresponding results.

A Count OECC RECC (ARIMA)  RECC (VARMA)
y First Signal Date  First Signal Date  First Signal Date
India No detection 18 March 2021 12 March 2021
0.1 Malaysia 16 February 2022 5 February 2022 5 February 2022
Thailand 13 April 2021 8 April 2021 8 April 2021

While RECC and OECC can be applied to these three countries, this does not imply
that they are universally applicable to all countries. Some countries face different critical
situations that may require more advanced techniques for monitoring instead of relying
solely on control charts and time series methods. Since the proposed methods are effective
in these three countries, we believe they can be applied to many other countries, and
expanding the application of these methods to other countries is part of our future work.
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5. Conclusions

In this study, control charts integrated with a time series model are used to monitor
the daily confirmed cases of COVID-19 data. Control charts are not only useful tools
for monitoring the production line in industry but are also used to surveil disease count.
Since the number of confirmed cases may depend on the cases from previous days, we
incorporate a time series model to capture this dependency. The residuals obtained from
time series models are used to construct control charts for monitoring the daily number of
confirmed COVID-19 cases. Data from three countries—India, Malaysia, and Thailand—are
analyzed to compare the proposed methods with conventional control charts.

The first proposed method uses daily confirmed cases, combined with several signif-
icant events during the COVID-19 pandemic, to fit an ARIMAX time series model. The
second proposed method incorporates two additional variables—daily COVID-19 testing
numbers and daily new death counts—to fit a three-dimensional VARMA time series model
to monitor the daily number of confirmed COVID-19 cases. The proposed methods can
detect the signal of COVID-19 outbreak earlier than the conventional EWMA control chart.
This highlights the potential of the proposed methods for COVID-19 surveillance. Since
COVID-19 seriously impacts United Nations Sustainable Development objectives such as
health systems and economies, it is important to develop early outbreak detection method-
ologies to prevent global pandemics. The proposed methods can provide useful strategies
to assist in the surveillance of COVID-19 and may reduce the risk of a major pandemic.

Supplementary Materials: The following supporting information can be downloaded at https:
/ /www.mdpi.com/article/10.3390/math13010115/s1. Table S1: Data of three countries.
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