
Forecasting COVID-19 Cases in Egypt Using ARIMA-Based 
Time-Series Analysis

The earliest recorded pandemic occurred during the 
Peloponnesian War (430 BC) and may have affected 

as many as two-thirds of the populations of Athens, Spar-
ta, Libya, Ethiopia, and Egypt. Over the years, the world 
has suffered the effects of many devastating pandemics. 
In addition to the effects on human physical and mental 
health and healthcare systems, pandemics have had sig-
nificant negative effects on economies and other social 
and political institutions. COVID-19, the latest crippling 
pandemic, is still spreading worldwide. Economies have 

collapsed, and the overall capabilities and fundamental 
values of some nations have been significantly affected. 
Forecasting models that estimate the number of potential 
new cases and deaths enable governments, healthcare 
providers, and healthcare systems to respond effectively. 
When developing reliable forecasting models, the normal 
progression of the disease should be considered. For an 
individual to contract an illness, they must be exposed 
to the infection. Hosts are created because of their sus-
ceptibility to infection. When more individuals come into 
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contact with a contaminated host, the illness continues 
to spread.[1] Basically, the carrier agent, infected hosts, 
and environmental factors are the three significant fac-
tors involved in the epidemiological triad. Typically, the 
disease transmission occurs as follows: an agent carries 
the pathogen, comes in contact with a host, and trans-
fers the infection to the host under certain environmental 
conditions. This infection then transfers from one host to 
another through pathogens.[2]

Time-series analysis is a technique for extrapolating fore-
casts based on a statistical model. It uses the frequency 
and patterns of values observed over time[3] and, in recent 
years, has frequently been applied to forecast the spread 
of infectious diseases. For example, a time-series mod-
el has been used by several researchers to forecast the 
spread of measles, mumps, encephalitis B, and tuberculo-
sis.[4,5] With respect to time distribution, these diseases are 
similar to COVID-19.[6,7] Iwendi et al.[8] used a fine-tuned 
random forest model with the AdaBoost algorithm. To 
forecast the seriousness of a COVID-19 case and its poten-
tial outcome, i.e., recovery or mortality, this model uses 
the health, travel, geographical and demographic data of 
COVID-19-infected patients. Bayes and Valdivieso[9] col-
lected empirical data from China and developed a model 
based on a Bayesian approach to forecast the number of 
deaths in the next 70 days in Peru. Beck et al.[10] employed 
an artificial intelligence approach to classify the com-
mercially available medications that can be used to treat 
COVID-19. They suggested using the molecule transform-
er-drug target interaction model to establish effective 
treatment policies. Khalifa et al.[11] proposed a generative 
adversarial network analysis with fine-tuned deep trans-
fer learning and used 5863 chest X-ray images to detect 
pneumonia, which is one of the symptoms of COVID-19. 
Real-time predictions concerning combined cases of in-
fectious diseases, such as pandemic influenza, Ebola, den-
gue, and Severe Acute Respiratory Syndrome (SARS) were 
established using three previously applied phenomeno-
logical methods.[12] In a similar investigation, Yang et al.[13] 
integrated the epidemiological and population migration 
data to train and merge the 2003 SARS model with artifi-
cial intelligence-based susceptible–exposed–infectious–
delivered models to predict the COVID-19 disease curve 
in China. A symmetrical function was used to model the 
daily and cumulative number of infections, deaths, and 
associated significant events of the pandemic in China.
[14] Hu et al.[15], a modified stacked automotive encoder 
was used to model the epidemic transmission dynamics 
and to predict the number of COVID-19 cases reported 
throughout China. To predict confirmed COVID-19 cases 
over the next 10 days, Al-Qaness et al.[16] suggested com-

bining a salp swarm algorithm–enhanced flower polli-
nation algorithm and an adaptive neuro-fuzzy inference 
system. In another study,[17] simple mean-field models 
were utilized to forecast the expansion of COVID-19 in 
China, France, and Italy. In a similar study, Petropoulos 
and Makridakis[18] predicted global COVID-19 cases using 
a simple time-series forecasting approach with an expo-
nential smoothing model.

Herein, the Autoregressive Integrated Moving Average 
(ARIMA) model was used. ARIMA models are represented 
as ARIMA (p, d, q), where p implies the autoregression or-
der, d is the degree of trend variance, and q is the moving 
average order. Furthermore, the ARIMA (2, 1, 2) model was 
used to estimate the occurrences of COVID-19. The stron-
gest ARIMA model was established for our analysis relative 
to the predictions of other ARIMA (2, 1, 3) models and then 
estimated the number of cases over the next 30 days. The 
key purpose of this study is to identify and implement the 
strongest statistical model to estimate the potential occur-
rence of COVID-19 cases in Egypt.

Methods
Herein, data of confirmed, recovered, and fatal COVID-19 
cases were collected from the Egyptian Ministry of Health’s 
website for the period from March 1, 2020 to January 23, 
2021. These data were utilized to construct forecasting 
models.

Model Development
ARIMA modeling is a popular computational method for 
predicting a time sequence with parameters p, d, and q, as 
previously defined. Herein, the ARIMA model was imple-
mented using time-series data for COVID-19 cases reported 
in Egypt. To calculate the initial numbers of ARIMA models, 
partial autocorrelation function (PACF) and autocorrelation 
function (ACF) graphs were used. The ARIMA models were 
assessed for stationary and normality variances. First, they 
were tested for consistency by evaluating their Mean ab-
solute percentage error (MAPE), Mean squared deviation 
(MSD), and Mean absolute deviation (MAD) values to de-
termine the tuned finest expected pattern. Furthermore, 
the most suitable ARIMA model was compared relative to 
quadratic trend, linear trend, moving average, and s-curve, 
for single and double exponential models using a precision 
performance measurement, i.e., MAPE, MAD, and MSD, to 
select the best prediction model. The developed model was 
used to predict reported cases of COVID-19 for the next 30 
days, i.e., from January 24, 2021 to February 24, 2021. The 
model used to predict reported confirmed COVID-19 cases 
is defined as follows:
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ARIM (p, d, f )=a1Xt-1+a2Xt-2+B1 Zt-1+B2 Zt-2+Zt, (1)

Zt=Xt–Xt-1,     (2)

where Xt is the estimated number of reported COVID-19 
cases at the tth day, model parameters are α1, α2, β1, and β2, 
and Zt is the residual term for the tth day.

The data of previous cases were used to forecast the trend 
of future occurrences using time-series analysis. Herein, 
time-series modeling is used to identify the patterns of re-
ported COVID-19 cases in Egypt between March 24, 2020 
and January 24, 2021, and to predict future cases between 
January 25, 2021 and February 24, 2021. The statistical sig-
nificance value was set to 0.05. The efficiency of the model 
could be verified by plotting the curves for predicted and 
actual cases with respect to a selected time period. Fur-
thermore, comparative analysis was performed to analyze 
the total number of reported COVID-19 cases in Egypt with 
ARIMA (2, 1, 2) and ARIMA (2, 1, 3) using the Minitab soft-
ware (version 17) for all model improvements, computa-
tions, and comparisons.

Results
This study focuses on the development of a forecasting 
model for confirmed cases of COVID-19. The accuracies 
(MAPE, MSD, and MAD) listed in Table 1 show that the ARI-
MA (2, 1, 2) and ARIMA (2, 1, 3) models were the most re-
liable for the prediction of potential occurrences because 
they have lease significant values in all scales.

Tables 2 and 3 show the estimated parameters for the ARI-
MA (2, 1, 3) and ARIMA (2, 1, 2) models. These tables indi-
cate that AR (2) and MA (2) parameters are significant be-
cause the p-value is less than 0.05.

Figures 1 and 2 show the residual plots for confirmed 
COVID-19 cases in Egypt from January 24, 2021 to February 
24, 2021, and March 1, 2020 to January 24, 2021 for ARI-

MA (2, 1, 3) and ARIMA (2, 1, 2), respectively. The plots re-
veal that the residuals diverge slightly from a straight line, 
which indicates that the errors are fairly close to the normal 
plot with a few outliers. Consequently, the principle of nor-
mality is observed. This principle is confirmed by the resid-
ual histograms. A slight dispersion can be observed in the 
graphs plotted between the residuals and the fitted value, 
which indicates that the models also fulfill the assumption 
of constant variance. The observation order vs residual 
plots clearly indicate the noncorrelation of residuals.

Ljung–Box statistics for ARIMA (2, 1, 3) and ARIMA (2, 1, 2) 
are shown in Table 4 and Table 5, respectively. The suitabil-
ity of the ARIMA (2, 1, 3) and ARIMA (2, 1, 2) models is indi-
cated by the significance of the p-value and other statistics.

PACF and ACF plots for ARIMA models (2, 1, 3) and (2, 1, 2) 
are shown in Figures 3 and 4, respectively. The PACF and 
ACF plots of confirmed cases show that the data are not 
stationary and have significant values at different lags. 
There is a constant mean in a stationary time series and no 
particular pattern is observed over time. However, it can 
satisfy the stationary condition in the mean by differentiat-
ing the original data and stationary invariance by log trans-
formation to fit an ARIMA model.

Thus, the feasible models realized after the substitution of 
the predicted parameters are then determined to be ARIMA 
(2, 1, 3) and (2, 1, 2) models. Then, Eqs. (3) and (4) were used 
to predict the reported COVID-19 cases in Egypt over the 
next 30 days, i.e., from January 24, 2021 to February 24, 2021.

Table 1. Model accuracy

Models MAPE MAD MSD

ARIMA (2, 1, 3) 35 161 11075.8
ARIMA (2, 1, 2) 12.3 34.3 11075.8
Growth curve model 127 336 246446
Single exponential method 15.73 40.06 5519.50
Double exponential method 17.03 40.07 5595.08
Moving average (MA) 180 341 144047
S-Curve trend model 29.564 358 304917
Quadratic trend model 264 380 211852
Linear trend model 273 280 212097

MAPE: Mean absolute percentage error; MAD: Mean absolute deviation; 
MSD: Mean squared deviation.

Table 2. ARIMA model (2, 1, 3) parameter estimates

Type Coeff SE Coeff t p

AR (1) 0.1730 0.0264 6.54 0.000
AR (2) -0.9247 0.0269 -34.37 0.000
MA (1) 0.2247 0.0459 4.89 0.000
MA (2) -0.9585 0.0058 -165.06 0.000
MA (3) 0.0472 0.0410 -1.15 0.250
Constant 3.752 7.141 0.53 0.600

SE: SE: Standard error; AR: AR: Autoregressive; MA: Moving average.

Table 3. ARIMA model (2, 1, 2) parameter estimates

Type Coeff SE Coeff t p

AR (1) 0.1876 0.0250 7.50 0.000
AR (2) -0.9316 0.0249 -37.39 0.000
MA (1) 0.2751 0.0175 15.76 0.000
MA (2) -0.9822 0.0007 -1464.04 0.000
Constant 3.721 6.779 0.55 0.583

SE: SE: Standard error; AR: AR: Autoregressive; MA: Moving average.
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f(k) Ht=g(k) Jt. (3)
f(k)∇dXt=g(k)Jt. (4)
Here, f (k) and g(k) in Eq. (4) can be defined as follows:
f(k)=1–α1k–...–αpkp. (5)
g(k)=1–β1k–...–βqkq. (6)
∇d is defined as the difference operator, which is used to 
make the difference of time series stationary, and d is the 
difference value. In real-time data, considering the first 
difference (d=1) is usually found to be sufficient, and occa-
sionally, the second difference (d=2) would be sufficient to 
achieve stationarity.

Tables 6 and 7 describe the case prediction with a confi-
dence interval (CI) of 95%. As per the forecast, the num-
ber of confirmed COVID-19 cases is expected to increase 
significantly in the following 30 days. ARIMA (2, 1, 2) was 
confirmed to be the optimal model based on the lowest 
Akaike Information Criterion (AIC) value in Eq. (7). AIC is a 
key criterion to select the best model among the selected 
models. The model with the lowest AIC value is considered 
the most suitable model. ACF and PACF are used to select 
the order of the moving average MA(q) and autoregressive 
AR(p) processes, respectively.

Figure 1. Residual plots ARIMA (2, 1, 3) for confirmed COVID-19 cases in Egypt from March 1, 2020 to January 24, 2021.
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Table 4. Modified Box–Pierce (Ljung–Box) χ2 statistic for ARIMA 
(2, 1, 3)

Lag Chi-square DF p

12  30.1 6 0.000
24  54.4 18 0.000
36  61.9 36 0.000
48  71 42 0.000

DF: Degree of freedom.

Table 5. Modified Box–Pierce (Ljung–Box) χ2 statistic for ARIMA 
(2, 1, 2)

Lag Chi-square DF p

12  40.9 7 0.000
24  64.6 19 0.000
36  74.8 31 0.000
48  84.1 43 0.000

DF: Degree of freedom.
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AIC=log 2P
T

+ (7)
T

∑T

t=1et

The ARIMA (2, 1, 2) model was then applied to study the 
trend of COVID-19 from March 1, 2020 to January 24, 2021. 

The model indicates that the incidents of COVID-19 cases 
in Egypt in this time period increased (95% confidence 
level of 554.19 lower limit, 839.09 upper limit, and 696.64 
forecasting) as shown in Table 6. The results obtained from 
ARIMA models indicate a significant spread of COVID-19 in-
fection in the subsequent days. Confirmed COVID-19 cases 

Figure 2. ARIMA (2, 1, 2) residual plots for confirmed COVID-19 cases in Egypt from March 1, 2020 to January 24, 2021.
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Figure 3. Residual PACF and ACF of ARIMA model (2,1,3) of cumulative confirmed cases in mainland Egypt.
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in Egypt are expected to increase. This established model 
can be utilized to predict the trend of COVID-19 confirmed 
cases in Egypt at any time period.

Based on the lowest AIC value, it was derived that the ARI-
MA (2, 1, 3) model did not provide the optimal pattern. 

Figure 4. Residual PACF and ACF of ARIMA model (2, 1, 2) of cumulative confirmed cases in mainland Egypt.
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Figure 5. Time series of reported COVID-19 cases between March 1, 
2020 and February 24, 2021 using ARIMA (2, 1, 3).
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Figure 6. Time series of reported COVID-19 cases between March 1, 
2020 and February 24, 2021 using ARIMA (2, 1, 2).
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Table 6. ARIMA (2, 1, 3) forecast confirmed COVID-19 cases and 
their lower and upper limits for 30 days with a CI of 95%

Period Forecast Lower Upper

328 696.64 554.19 839.09
329 723.53 527.21 919.85
330 714.42 474.09 954.75
331 691.73 406.95 976.51
332 699.98 377.2 1022.76
333 726.14 374.81 1077.47
334 726.79 349.62 1103.96
335 706.46 300.87 1112.06
336 706.1 272.73 1139.47
337 728.58 272.49 1184.68
338 736.56 260.29 1212.84
339 720.9 222.77 1219.04
340 714.57 193.72 1235.42
341 731.7 191.03 1272.38
342 744.28 186.24 1302.32
343 734.36 158.18 1310.55
344 724.77 129.18 1320.36
345 736.03 122.54 1349.53
346 750.61 121.4 1379.81
347 746.46 101.47 1391.45
348 736.02 74.03 1398.01
349 741.8 63.39 1420.21
350 756.21 63.19 1449.22
351 757.11 49.89 1464.33
352 747.7 25.32 1470.07
353 748.98 11.44 1486.52
354 761.66 10.33 1513
355 766.42 1.98 1530.85
356 759.27 −18.91 1537.44
357 757.39 −34.84 1549.62
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This model was also used to research the COVID-19 occur-
rence pattern from March 1, 2020 to July 30, 2020. A rapid 
increase in COVID-19 cases in Egypt was predicted from 
March 1, 2020 to January 24, 2021 (95% confidence level of 
556.22 lower limit, 840.73 upper limit, and 698.47 forecast-
ing) as shown in Table 7; however, a rapid increase has not 
been observed and the number of predicted cases has not 
yet been reached. Furthermore, based on these findings, 
warnings must be issued about the possibility of COVID-19 
spreading faster than it has been observed. Government 
agencies and public health authorities in Egypt can use 
ARIMA (2, 1, 3) model to forecast Egypt’s COVID-19 occur-
rence pattern.

Time-series graphs over the period between March 1, 2020 
and February 24, 2021, for ARIMA (2, 1, 3) and ARIMA (2, 1, 
2) are plotted in Figures 5 and 6, respectively, to compare 

the confirmed and predicted COVID-19 incidents. The cor-
relation between predicted and real data is evident from 
these graphs. This comparison reveals the models’ forecast-
ing precision. The series is not stationary. The time series 
reveals a growing pattern, which indicates a significant in-
crease in COVID-19 incidents.

A time-series graph, (Fig. 7) is plotted for the time period 
between March 1, 2020 and February 24, 2021, to compare 
the actual and predicted COVID-19 cases. This plot shows 
the similarity between the actual and predicted data, which 
indicates the accuracy of the forecasting model.

Figure 8 shows the distribution plot for the reported cases. 
The top right portion of this plot represents the probabil-
ity density function. This plot assesses the effectiveness of 
the distributed data points and indicates that the model is 
reasonable if points follow the fitted line. The Anderson–
Darling statistics calculate the fit of the COVID-19 data 
distribution. A smaller Anderson–Darling value indicates a 
better data distribution fit. However, a slight difference in 
the values practically insignificant.

Using the alternative estimation method, i.e., the least 
squares (LSXY) method, the Minitab software displays a 
Pearson correlation coefficient for COVID-19. This correla-
tion coefficient must be positive but not greater than 1. In 
addition, the distribution provides a better fit if the correla-
tion coefficient values are high.

Figure 9 shows the time series plot of confirmed COVID-19 
cases of Egypt. This plot indicates that the number of cases 
could be controlled in a few days by following strict pre-
ventive measures, such as sanitization and quarantine.

Conclusion
COVID-19 is a significant global threat that was declared a 
pandemic by the Egyptian Health Ministry. This study aimed 

Figure 7. Comparative time-series plot for confirmed and predicted 
COVID-19 cases from March 1, 2020 to February 24, 2021.
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Table 7. ARIMA (2, 1, 2) forecast confirmed COVID-19 cases and 
their lower and upper limits for 30 days with a CI of 95%

Period Forecast Lower Upper

328 698.47 556.22 840.73
329 721.97 529.39 914.55
330 712.89 477.89 947.88
331 693.02 415.73 970.3
332 701.47 388.56 1014.37
333 725.29 385.32 1065.26
334 725.6 360.65 1090.56
335 707.19 314.9 1099.49
336 707.17 288.51 1125.83
337 728.03 287.77 1168.3
338 735.7 276.02 1195.38
339 721.41 240.67 1202.16
340 715.32 212.86 1217.77
341 731.2 209.84 1252.56
342 743.58 205.56 1281.6
343 734.83 179.36 1290.3
344 725.37 151.29 1299.46
345 735.47 144.24 1326.71
346 749.9 143.61 1356.19
347 746.92 125.49 1368.35
348 736.64 98.89 1374.39
349 741.21 87.69 1394.73
350 755.37 87.83 1422.91
351 757.49 76.35 1438.62
352 748.42 52.74 1444.09
353 748.46 38.2 1458.73
354 760.64 37.11 1484.17
355 766.61 30.53 1502.68
356 760.1 10.88 1509.32
357 757.04 −5.7 1519.79
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to determine the best model for forecasting COVID-19 cas-
es. The model was used to estimate the possible cases of 
COVID-19 infection in Egypt and is expected to be applied 
to promote disease control and help in the planning of 
healthcare services. The reported cases are predicted to in-
crease in the coming days according to the model forecast. 
The time series analysis indicates an exponential increase 

in COVID-19 infections. However, it is expected that mea-
sures, such as social distancing, lockdown etc., may impact 
this forecast, and cases may continue to increase after ap-
proximately one month.
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Figure 8. Distribution overview plot.
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Figure 9. Time series plot of reported COVID-19 cases.
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