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Abstract

One of the most significant disruptive events of the 21st century was the COVID-19 epi-
demic, which was first detected in China in 2019 and quickly spread around the world. While
waiting for the development of the vaccine, governments used a variety of strategies to coun-
teract the effects of the pandemic: from simple personal hygiene advice to the introduction
of strict lockdowns. In this paper, the confirmed cases of COVID-19 fatalities (count data
and having zero inflation) due to COVID-19 in Nigeria modeled using univariate time se-
ries models. To describe the attributes of COVID-19 fatalities in Nigeria with zero inflation,
the autoregressive integrated moving average (ARIMA), zero-inflated poison autoregressive
(ZIPAR), and zero-inflated negative binomial autoregressive (ZINBAR) models were used.
Our findings indicate that ZINBAR(1) having the lowest root mean square error (RMSE),
the Akaike information criterion (AIC), and the Bayesian information criterion (BIC) out-
performs the other two models: Hence, the ZINBAR(1) performs better than the ZIPAR(1)
(this is in aggrement with the work of Tawiah et al. (2021)) and the ARIMA(0,1,1). This
demonstrates and emphasised the fact that for count time series data, count time series mod-
els should be used. Hence, the ZINBAR(1) can be use to predict and forecast COVID-19
in Nigeria.
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1. Introduction

The novel coronavirus 2019 (COVID-19) has been a deadly killer since 2019 and through-
out the year 2020, until researchers came up with some remedy to reduce the spread.
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In December 2019, Wuhan, Hubei Province, China, experienced the outbreak of COVID-
19, a brand-new coronavirus illness (Li et al., 2020). China is resolved to effectively stop
the spread of the disease, and on January 20, 2020, the National Health Commission of
the People’s Republic of China unveiled the most comprehensive prevention and control
measures against pneumonia (Team, 2020; Kucharski et al., 2020).

For public health, pandemic preparedness, and healthcare systems, this virus poses a sig-
nificant problem. The extremely contagious SARS-CoV-2 coronavirus causes severe acute
respiratory illness (Organization et al., 2020). By coming into direct touch with contami-
nated surfaces and breathing in respiratory droplets from sick people, COVID-19 is passed
from one person to another (Bai et al., 2020). Right now, COVID-19 cannot be prevented or
treated by a vaccine or antiviral medication that has received approval (Tang et al., 2020).

Governments have been putting in place various control measures to effectively stop the
spread of COVID-19, including strict, mandatory lockdowns and encouraging (and in some
cases strictly enforcing) other measures like people keeping a minimum distance between
themselves (social distancing), avoiding crowded events, imposing a maximum number of
people in any gathering (religious and social), and the use of face masks while in public
(Dunford et al., 2020).

There are numerous epidemic models that use mathematics to describe how infectious
illnesses spread. Estimating the spread of illnesses and the number of affected people is the
primary function of modeling, which enables prudent government to develop a workable
strategy. Statistical models enable the evaluation of a number of "what-if" scenarios, which
can provide significant insight for decision-makers in public health.

A few mathematical models that attempt to capture the dynamics of COVID-19’s and
other diseases evolution can be found in the literature (Roosa et al., 2020). In an effort to
create and evaluate shortterm projections of the total number of reported cases, these were
validated with outbreaks of diseases other than COVID-19.

Recently, a multi-criteria decision-analysis techniques based Fuzzy TOPSIS have been
employed in assessing the disruptions caused by the COVID-19 pandemic in different sec-
tors of the world economy. The study combined two MCDA tools (best-worst and fuzzy-
TOPSIS) and considered Supply Chain disruptions in particular, ranking the most affected
industries (Ali et al., 2023).

Across the globe and indeed in Africa, there have been several statistical models of
COVID-19 data aimed at studying, learning and understanding the dynamics of the pan-
demic. The work of Sam (2020) which compared COVID-19 data from the African region
to other regions of the world. Shoko and Njuho (2023) used ARIMA model for predicting
the spread of COVID-19 in Southern Africa (South Africa, Zambia and Namibia). A short-
term ARIMA model for predicting mortality due to COVID-19 was developed by Chaurasia
and Pal (2020). They used the model (ARIMA) to forecast mortality rate. Many other au-
thors studied COVID-19 using different forms of ARIMA models. These includes but are
not limited to Alabdulrazzaq et al. (2021), who used the Kuwait COVID-19 data to test
the accuracy of the ARIMA model in predictions. The result confirmed the applicability of
the ARIMA model. Ribeiro et al. (2020) applied machine learning and ARIMA to forecast
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COVID-19 cases in the Brazilian context; Yang et al. (2020) employed a similar ARIMA
model for COVID-19 cases prediction in Italy. Lukman et al. (2020), Khan and Gupta
(2020), Poleneni et al. (2021), Abdelaziz et al. (2020), Nguyen et al. (2020), Somyanon-
thanakul et al. (2022), Zhihao et al. (2021), Malki et al. (2021), ArunKumar et al. (2021)
and Sah et al. (2022) demonstrated the usage of ARIMA in COVID-19 with different case
studies. However, it is observed that ARIMA cannot fit COVID-19 data correctly, because
they are count data. Therefore, it gives the basis for further investigating the most suitable
model for the pandemic.

In Nigeria, Busari and Samson (2022) studied the dynamics of the COVID-19 pandemic
using ARIMA model and other machine learning models, and the results showed that Fine
Tree, one of the Machine Learning models, outpreformed ARIMA model. Ibrahim and
Oladipo (2020) used only two months dataset to forecast Nigerian COVID-19 spread us-
ing ARIMA (1,1,0) model. Similarly, Samson et al. (2020) applied ARIMA models on
the COVID-19 confirmed cases and selected the ARIMA (2,1,0) as the best fit model for
prediction. Olarenwaju and Harrison (2020) applied ARIMA and Artificial Neural Net-
works to COVID-19 data of some selected states in Nigeria for prediction. Adesina et
al. (2020) demonstrated that ARFIMA model outperformed ARIMA model for modeling
and prediction of confirmed cases of COVID-19 in Nigeria. Lukman et al. (2020) eval-
uated COVID-19 prevalence for 4 countries (South Africa, Nigeria, Ghana and Egypt) in
Africa using ARIMA models. The ARIMA(0,2,3), ARIMA(0,1,1), ARIMA(3,1,0) and
ARIMA(0,1,2) models were selected as the optimal models for these countries, respec-
tively. Didi et al. (2021) modeled daily COVID-19 confirmed and fatality cases in Nigeria
considering ARIMA models. Ortese et al. (2021) explored the ARIMA family of models
to assess the infection rate of COVID-19 in Nigeria, and selected ARIMA (0,1,1) as the
best model. Aronu et al. (2021) Argawu (2021); Agboola et al. (2021); Suleiman and
Sani (2021); Li et al. (2022); Nwafor et al. (2022); Adams and Somto (2022); Inegbe-
dion (2023); Oduntan and Ajayi (2023) displayed the application of ARIMA models for the
same COVID-19 data in Nigeria considering different cases. However, the present study
used count time series models (ZIBAR and ZIPAR) in comparison with ARIMA model as
in the literature. The study showed that for count time series data (Nigeria COVID-19 data),
count time series models should be used.

Odekina et al. (2022) modeled the 3rd wave of COVID-19 in Nigeria using Vector
Autoregressive (VAR) model, where a steady rise in fatality cases was observed but a small
decrease in the number new cases was recorded.

The problem with most of the reviewed literature, the data generated at the instance
of COVID-19 pandemic (be it confirmed cases, recovered cases or fatality) are count data.
Consequently, such family of Time Series models (such as ARIMA) would not be able to
adequately model such data. This is in agreement with Busari and Samson (2022).
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The aim of this study is to create a Time Series model that captures the features of
COVID-19 data in Nigeria, so that, such a model can be used for prediction and forecasting.
Hence, we specifically considered, the number of fatalities due to COVID-19 in Nigeria,
which are count data and have zero inflation.

2. Materials and Methods

2.1. Materials

In this paper, the whole country (Nigeria) was considered as a study area. Figure 1 shows
the map of Nigeria and the COVID-19 outbreak status across the States of the federation.
States (Lagos, Oyo, Rivers, Kaduna) and the Federal Capital Territory (FCT) with dark
green coloration had above 10,000 confirmed cases of COVID-19, while Kogi State had
between 1 to 100 confirmed cases of COVID-19 during the period under review.

The Gender-Age distribution is presented in Figure 2, the number of confirmed cases
and fatalities (death) among males was higher as compared to females in the country. More
fatalities were recorded among both males and females of group 45 - 49 and older.
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Figure 1: Distribution of cumulative cases of COVID-19 across the six Geo-political zones
of the Federation as of epi weeks 17-18, 2022. Source: NCDC COVID-19 situation report
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Figure 2: Gender and age distribution of confirmed cases and fatalities of COVID-19 (week
10, 2020 - week 18, 2022). Source: NCDC COVID-19 situation report

2.2. Methods

The fatalities recorded in Nigeria as a result of COVID-19 infections, as observed are
discrete count time series data, having zero inflation. The Zero-Inflated Poisson Autoregres-
sive (ZINPAR) and Zero- Inflated Negative Binomial Autoregressive (ZINBAR) models of
Yang (2012), and later used by Tawiah et al. (2021) for modeling COVID-19 deaths in
Ghana was used as reviewed and discussed in the next section.

Confirmed cases of COVID-19 infections and COVID-19 fatalities in Nigeria were the
two series used for the period under review, from 27th February, 2020 to 3rd April, 2022.

2.2.1 Time Series Models

There are several univariate multivariate time series models and their applications in
the literature, for example; Abiodun et al. (2019), Kumar and Susan (2020), Ogbuagada et
al. (2022), Yang (2012), Yang et al. (2013), Tawiah et al. (2021), Chyon et al. (2022),
Ogbuagada et al. (2022), amongst many others.

Let the two series {C;}1_, and {F;}]_, denote confirmed cases and fatalities of COVID-
19 in Nigeria, respectively. The univariate time series models adapted in this paper are
reviewed below.

Autoregressive Integrated Moving Average (ARIMA) Model

The ARIMA(p,d,q) model is a combination of two time series models: Autoregressive
(AR(p)) model with order p and the Moving Average (MA(q)) model of order g, d is the
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order of differencing, and / represents integration (Kumar and Susan, 2020).

p q
Cr:a+Z¢iCt—i+Vt+Zeth—j (D
i=1 j=1
where ¢;_1,¢;—2,...,¢;—p are the past values of confirmed cases of COVID-19 in Nige-

ria and v;,v;_1,V;—2, ..., Vi—4 are error terms, and v; ~ N(0, c?).

Zero-Inflated Poisson Autoregressive (ZINPAR) Model

Let {F}_, denote COVID-19 fatalities in Nigeria as mentioned earlier. {F}L, is
discrete count data and F; ~ ZIP(A,, 6,) where A, is the intensity parameter of the Poisson
distribution and 6, is the Zero-Inflation (ZI) parameter.

The ZIPAR model is given by

9[“‘(1_91)6)6])(_2')‘)5 lfj:o
P(fi|fi1 = Jj) = j ?
(filficr =) U_@ﬁﬁ%jg if j=1,2,3,... @

the A, parameter is given as

A =XxI B 3)
and 6,, the ZI is defined as

l”(1_9t9t) =zLy @

where B = (Bi,...,8,)T and y= (¥,...,7,)" are the regression coefficients for the log-
linear part in equation (3) and logistic part in equation (4) respectively.
The conditional mean and variance ZIPAR are given by

E(Flfi-1) =A(1-6) ®)

and
Var(F|fi-1) = (1-6,)(1+ 46,4 (6)

Zero-Inflated Negative Binomial Autoregressive (ZINBAR) Model

Over-dispersion, which is a situation where by the variance is greater than the mean
(Var(F;|fi—1) > E(F|fi—1)) can be easily taken care of by ZIPAR and ZINBAR (Tawiah et
al., 2021).



STATISTICS IN TRANSITION new series, March 2025 211

The pdf of ZINBAR is given by

by
. 6f+(1_9t)(bi;t) ) if j=0
hP(filfi-1=J) = Coit) (o N 4 \
p t 7 ;] —
(1= 6) Tz (b,-HL,) (b,+l,) ' if j=1,2,3,...

(N

where A; and 6, are as given in equations (3) and (4) respectively.
Inb, = ST & (8)
The dispersion parameter is as defined in equation (8), where & = (o1, ..., ) are the

regression coefficients and ;1 = (S;—1,1,...,S—p, p)T is a vector of past input variables.

Similarly, the expectation and variance of ZINBAR are not different from that of ZIPAR,
given in equations (5) and (6) respectively.

2.3. Model Selection Criteria

In decision-making analysis, the same problem can be addressed using a variety of mod-
els statistically. However, probability distributions can be applied to the data for best-fitting,
and the suitable distribution can be chosen. The optimum model for a specific data set can
be determined for this purpose using the Akaike’s information criterion (AIC) and Bayesian
information criterion (BIC) techniques. According to [?], any statistical model that con-
forms to a specific statistical distribution can have the quality of its fit evaluated using the
AIC, whereas the BIC is a criterion for selecting a model from a finite set, with the low-
est BIC model being chosen as the top choice. Additionally, the processes might aid in
confirming the outcome. The AIC and BIC are calculated as

AIC =2k —2loglik ©)]
and
BIC = klogn —2loglik (10)

where loglik is the maximized value of the likelihood function, n is the sample size and k
the number of parameters in the model under consideration. The distribution that has the
lowest AIC and BIC values is regarded as having the best fit to the given data set.

2.3.1 Measure of model performance

Measures such as Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE),
Root Mean Square Error (RMSE), amongst others, are used to assess the performance of
models. The RMSE was used in this paper, defined as

RMSE = (11)
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where f; is the actual value of COVID-19 fatalities in Nigeria and f; represents the predicted
values of COVID-19 fatalities.

3. Analysis, Results and Discussion

This section discusses the results related to confirmed and fatality cases due to COVID-
19, emphasis is placed on fatalities (which is the focused of this study).
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Figure 3: Plots of confirmed cases and fatalities due to COVID-19 in Nigeria

The trend of confirmed cases of COVID-19 and deaths as a result of COVID-19 in
Nigeria as can be observed closely in Figures 3, with upwards and downwards movements
in both cases (plots of confirmed cases and fatalities). Surges in fatalities can be seen as
infection rate increases, a fall in infection rate is closely followed by a decline deaths as a
result of COVID-19 in Nigeria in the period under study (February 27th, 2020, when the
first COVID-19 case was confirmed in Nigeria (NCDC, 2020) to April 3rd, 2022).

Augmented Dickey-Fuller (ADF) Test of stationarity for the two series (confirmed cases
of COVID-19 and fatalities) gave P-values of 0.1064 and 0.05515 respectively, which were
greater than the 0.05 level of significance. This implied that the two series were not sta-
tionary respectively. Data (the two times series) were differenced once before fitting the
ARIMA model. Plots of the two differenced series are illustrated in Figures 4 and 5, which
clearly shows that the two series are stationary. This is also confirmed by the ADF test, that
the two times series are stationary (P-values less than 0.05). That is, the P-values are 0.01
respectively for both the series.



STATISTICS IN TRANSITION new series, March 2025
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Figure 4: Differenced series of con-
firmed cases COVID-19
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Plot of the differenced fatalities 2020-02-27/ 2022-04-03
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Figure 5: Differenced series of fatality
cases due to COVID-19

3.1. Deaths Due to COVID-19 in Nigeria

The histogram in Figure 6 shows that there is a higher proportion of zeros (i.e., no
fatalities) on such days in the period under study, that is, from 27" February, 2020 to 3'¢
April, 2022.

This is an obvious indication that there is zero inflation in the data. Although the number
of new cases is still increasing and consequently the number of recorded deaths, it is im-
portant to investigate the daily death reports in order to determine if the large percentage of
COVID-19 patients in Nigeria have become resistant to the disease outbreak or have reacted
favorably to the treatment regimens administered to them at COVID-19 treatment facilities
(Tawiah et al., 2021).

Three different models were used in order to have a model that best describe the at-
tributes of fatalities as result of COVID-19 in Nigeria: Autoregressive Integrated Moving
Average (ARIMA), Zero-inflated Poison Autoregressive (ZIPAR) model, and Zero-inflated
Negative Binomial Autoregressive (ZINBAR) model.

Figures 7, 8, and 9 are the plots of the actual fatalities due to COVID-19 in Nigeria
and the predicted fatalities using the ARIMA, ZIPAR, and ZINBAR respectively. Looking
at the plots closely, one can observe that the three models considered performs well, but
ZINBAR(1) (in Figure 9) with the lowest RMSE (2.920087) as shown in Table 1, AIC
(3451.719), and BIC (3475.568) in Table 2 outperformed the other two models. Hence,
the Zero Inflated Negative Binomial Autoregressive model performs better than the Zero
Inflated Poisson Autoregressive model and the Autoregressive Integrated Moving Average,
that is, the ARIMA(0, 1, 1) model.
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Figure 7: Actual versus predicted of fatalities due to COVID-19 in Nigeria
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Figure 9: Actual versus predicted number of fatalities due to COVID-19 in Nigeria using
zero-inflated negative binomial model
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Table 1: The RMSE of the models for COVID-19 deaths cases in Nigeria

Model RMSE Rank
ZIPAR 3.98998 ond
ZINBAR 2.920087 15
ARIMA(0,1,1) 4.418348 3rd

Table 2: The AIC and BIC of the models for COVID-19 deaths cases in Nigeria

Model AIC BIC Rank
ZIPAR 4488.022 4507.101 ond
ZINBAR 3451.719 3475.568 1%
ARIMA(0,1,1) 4954.88 4964.42 3rd

4. Conclusion

COVID-19 halted many socio-economic activities in Nigeria, just like it did in other
parts of the world. The two series, namely confirmed cases and COVID-19 fatalities (which
have many zeros) were modeled, infection cases rose dramatically with death count. But
gradually, fatalities were reduced even in the midst of continual daily infections, which was
also result of some stringent COVID-19 safety measures adopted by the country through the
Nigerian Center for Disease Control (NCDC).

The method used in this study is applicable to COVID-19 data as evident from the
literature. In fact, most of the reviewed works employed existing time series models, most
of which are of the ARIMA family. However, in this work it is argued that COVID-19 death
cases are count data, hence, the use of ARIMA models is inappropriate.

We have demonstrated in this study that using Autoregressive Integrated Moving Aver-
age (for instance, in the context of Nigeria ARIMA) is not adequate. This was shown by
fitting three univariate Time Series models for the over-dispersed zero inflated COVID-19
fatalities series, where the ZINBAR(1) performed better than the other two models, which
can be used for prediction and forecasting purposes.
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