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Abstract. Influenza A is a subtype of the influenza virus that primarily infects birds and mammals, causing respiratory
illness. It is characterized by its ability to mutate rapidly, leading to various strains and occasional pandemics. Objective.
This paper is dedicated to studying the distribution behavior and predicting confirmed cases of Influenza A within
the Algerian context, a highly infectious dis- ease that causes widespread illness and deaths both in Algeria and globally.
Materials and methods. To predict confirmed cases of Influenza A, we implemented several statistical models, including
ARIMA, Seasonal ARIMA (SARIMA), ETS, BATS, and the machine learning technique RNN, which is widely
recognized in the literature. We then conducted a comparative study using performance measures to evaluate these
models. Results. We used RMSE to determine the best-performing model. Our findings indicate that RN'N outperformed
the others due to its ability to handle complex patterns, including seasonal components and memory. SARIMA and
BATS also performed well, thanks to their capacity to manage seasonal patterns. In contrast, ARIMA and ETS showed
the poorest performance. Conclusion. This study employed a comprehensive approach to develop a model for predicting
confirmed cases of Influenza A in Algeria. The results enhance our understanding of the potential future behavior of this
disease and contribute to effective risk management strategies.
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AHAJIN3 BPEMEHHbIX PA400B AJ1i4 MOOEJIMPOBAHUA U NMPOrHO3UPOBAHUYA
NOATBEP)XXAEHHbIX C/TYHYAEB rPUMMA A B AJIXXUPE
Ce0a /1.', Benakaed H.?, Beaaunne K.?

! Borcurast wikona ungpopmamuru, 2. Cuou-beav-Ab6bec, Anxcup
2 Yuueepcumem bedxucau, e. bedxcas, Anxicup

Pestome. I'purin A saBsieTcsl MOATUIIOM BUpYyca TPUIITIA, KOTOPBIH B IIEPBYIO 0YepEab ITOPaKaeT MTHUL M MJICKOITATAI0-
M X, BBI3BIBAsI pECIIMPATOPHbIE 3a00JIeBAHMU I, M XapaKTepU3YeTCsI CIIOCOOHOCThIO OBICTPO MYTUPOBATh, UTO TPHUBOIUT
K TIOSIBJICHMIO pa3HOOOpa3us MITaMMOB U NIEPUOIMYSCKUM NaHaeMusiM. HacTosias ctaThs MOCBSIIEHA U3YYEHUIO
B AJXMpe pacrpoCcTpaHeHUs U IIPOrHO3MPOBAHMIO MOATBEPKACHHBIX CJydaeB TpuIlna A, BHICOKOMH(PEKIIMOHHOTO
3a00JIeBaHU I, KOTOPOE BBI3bIBACT IIMPOKO PACIIPOCTPAHEHHbBIE 3a00JIeBaHUS U CMEPTHOCTD KaK B AJIKUpPE, TaK U BO
BceM Mupe. Mamepuanst u memodst. 1711 IpOrHO3MPOBAHUS TIOATBEPXKACHHBIX CIyYaeB TPUIIIA A OBLIY TPUMEHEHBI
HECKOJIbKO CTaTUCTUYecKMX Momeneit, Bkirouass ARIMA, Seasonal ARIMA (SARIMA), ETS, BATS u mmpoko nipu-
3HAHHBIN MeTox MamHHOTO 00ydeHuss RNN. Jlasee MBI IpoBeIn CpaBHUTEIBHOE CCIICIOBAHNUE C UCTIOJIB30BAHM-
€M IToKa3aTesieil Mpon3BONUTEIBHOCTH IJIs OLICHKU YKa3aHHBIX MoeNeit. Peszyavmame:. JI7s1 onmpeneneHus Hanboee
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2025, T. 15, Ne 1 Prediction of influenza a in Algeria

3(beKTUBHOI MONIETM TTPOBOIUIACH OIICHKA CPeIHEKBaApaTUIecKoil omnOKu. Haim pe3yibraTsl MOKa3bIBatoT, YTO
RNN npes3oriien npyrue Moaenu 6aaroaapsi cBoeit CriocOOHOCTU 00padaThiBaTh CJOXHBIE IA0JOHBI, BKJIOYAs ce-
30HHBIE KOMIOHEHTHI U Hanun4uio namsatu. SARIMA u BATS Tak:ke mokasaiu Xopoline pe3yJbTaThl 0arogapst CBO-
eii CMOoCOOHOCTH YIIPaBAATh CE30HHBIMU 3aKoHOMepHOCTsIMU. HanmpoTtus, ARIMA u ETS nokaszanu caMmble Ijioxue
pe3ynbTaThl. Bboigod. B mpuBoanMoM McCCIeq0BaHUY MCTIONb30BaICS KOMITJIEKCHBIN MOAXOM I/ pa3padoTKU MOAEIN
MIPOTHO3MPOBAHMUS MOATBEPXKACHHBIX ClyJyaeB rpummna A B Amkupe. [TonydeHHBIe pe3ynbTaThl pacIIMpPSIIOT Hallle
MOHMUMaHNE OTEHIIMAIBHOTO OYAYIIETO PACTIPOCTPAHEHUSI JAHHOTO 3200JIeBaHUS U CITOCOOCTBYIOT 3(D(HEKTUBHBIM

CTpaTerusiaM yrpaBJICHUA pUCKAMHU.

Karouesnie caosa: epunn A, npoeHosuposanue, ynpasaenue puckamu, epemernvie paovl, BATS, Aaxcup.

Inroduction

Influenza A is a viral infection that affects the res-
piratory system. It is one of the four types of influ-
enza viruses and can cause symptoms such as cough,
body aches, and sore throat. Highly contagious,
Influenza A spreads through tiny droplets of bodily
fluid released during coughing, sneezing, or talking.
Symptoms often include fever, chills, fatigue, and
other related discomforts.

In the early 20th century, scientific knowledge was
advanced enough to predict the recurrence of influ-
enza, which had twice reached pandemic levels in the
late 19th century. However, it was largely ineffective
in mitigating the devastating impact of the 1918 pan-
demic. Since then, humanity has made significant
strides against the disease, developing the capability
to design and produce vaccines and antiviral drugs
to prevent or lessen infections.

The World Health Organization (WHO) esti-
mates that globally there are 3—5 million cases of se-
vere illness and 290 000—650 000 deaths annually
due to influenza-related respiratory conditions.

Nowadays, predicting Influenza A helps mini-
mize the health, economic, and social impacts of the
virus by enabling proactive and well-coordinated re-
sponses. The debate on forecasting Influenza A in-
volves researchers from various disciplines who use
a range of methodologies, including statistical, ma-
chine learning, and deep learning techniques, refer-
encing various studies such as Goldstein et al.[7], Xu
et al.[14], Zheng et al. [16], Kandula et al. [8], Khan et
al. [9], Cheng et al. [4], Wolk et al. [13], Xue et al. [15],
Boostani et al. [3], Al-Qaness et al. [2], Seba et al. [12].

This topic has been treated in the Algerian con-
text by several works such as [6] and [11]. The objec-
tive of our work is to predict the behavior of new cases
in Algeria using time series analysis. We employ two
widely recognized approaches from the literature:
statistical methods and machine learning techniques
for time series analysis.

Methods and Materials

Descriptive Data

The epidemiology of seasonal influenza is well
defined in many parts of the world, especially in de-

veloped countries. However, in other regions, much
less is known about the epidemiology of Influenza A,
notably in Algeria (Fig. 1).

We collect data from: Our world in data-Influen-
za. We observed that Influenza A exhibits a seasonal
winter pattern because the cold, dry air of winter
provides ideal conditions for the virus’s prolonged
survival. The reduced humidity during this season
enhances the likelihood of infection. The significant
decrease in Influenza cases from 2020 to 2022 can be
attributed to several factors related to the COVID-19
pandemic: Implementing public health strategies, in-
cluding mask wearing, hand hygiene, social distanc-
ing, and lockdowns on a large scale, substantially de-
creased the spread of respiratory infections, includ-
ing Influenza A.

Changes in the individual’s awareness of safe-
ty amid the COVID-19 outbreak [10]. Analyzing
monthly confirmed cases involves treating the data
as a time series. Throughout the literature, various
approaches such as statistical, machine learning
methods have commonly been employed.

Preprocessing data analysis

Our data does not contain any missing values but
contains seasonal patterns.

We employ the Augmented Dickey-Fuller (ADF)
test to assess the stationarity of the present time se-
ries. A p-value of 0.01, which is smaller than the sig-
nificance level of 0.05, indicates that the time series
is stationary.
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Figure 1. Monthly confirmed cases of influenza A
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For data to be considered stationary, the statisti-
cal characteristics of the system must remain con-
stant over time. This does not mean that the values
of each data point must be identical; rather, the over-
all behavior of the data should remain consistent.

‘We introduce the Partial Autocorrelation Function
(PACF) and the Autocorrelation Function (ACF)
to measure the memory of the most effective mod-
el from the ACF and PACF plots, we observe that
the autocorrelation decays exponentially, indicating
that the data has short memory. Additionally, we note
the presence of seasonal components (Fig. 2).

Methodology

Various time series analysis models and techniques
are employed to determine the most efficient method
for handling validated cases of influenza A, utilizing
both statistical and machine learning models.

We take our data as atime series and split it into two
separate sets: the training set and the test set. The test
set, comprising 15% of the data, is used to validate
the best model, while the training set consists of the
remaining 85%. We evaluate a model’s performance
using the Root Mean Square Error (RMSE).

RMSE / SE (v — zi) M

Results

Predictive models

ARIMA and ARFIMA model

Autoregressive  integrated moving average
(ARIMA) models predict future values based on past
values, it gauges the strength of one dependent vari-
able relative to other changing variables.

A stochastic process (Xt)t>0 is said to be an
ARIMAC(p, d, q) an integrated mixture autoregres-
sive moving average model if it satisfies the following
equation:

$(L)(1 — L)X, = O(L)e, ¥t >0 )

where d e N, L is lag operator, &~ N (0, ¢?) i.i.d. er-

rors, with 02 < co.
d(L)y=(1—¢L—...
oLy=>1-6,L—..—-86,L% with 6,0

Seasonal ARIMA, is an extension of ARIMA
that explicitly supports univariate time series data
with a seasonal component.

There are four seasonal clements that are not
part of ARIMA that must be configured; they are:
P: Seasonal autoregressive order, D: Seasonal dif-
ference order, Q: Seasonal moving average order, m:
The number of time steps for a single seasonal period
SARIMA(p.d,q)(P,D,Q)m

¢ (L)G(LY(1— L™¥¢(1— LyX, = O(L)O(L)e; Vi>0 (3)

ETS model

The ETS models are time series models with an
underlying state space model consisting of a level
component, a trend component (T), a seasonal com-
ponent (S), and an error term (E). This method pro-
duces forecasts that are weighted averages of past
observations where the weights of older observations
exponentially decrease.

BATS model

The BATS (Exponential smoothing state space mod-
el with Box-Cox transformation, ARMA errors, Trend
and Seasonal components) model is a time series fore-
casting model that was proposed by De Livera et al. [5].
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Figure 2. ACF and PACF plots
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Box-Cox Transformation component is used
to transform the data to achieve normality and sta-
bilize the variance. The ARMA (Autoregressive
Moving Average) Errors component is used to model
the residuals of the time series data, which are as-
sumed to be independent and identically distributed.
Finally, the Seasonal component is used to model
the seasonal patterns in the data.

Recurrent Neural Network RNN model

A Recurrent Neural Network (RNN) model
for regression is a type of neural network designed
to process sequential data by maintaining a memory
of previous inputs.

Sequential Data Handling: RNNs are ideal
for tasks where data points are dependent on previ-
ous ones, due to their ability to maintain information
over sequences.

Memory: RNNs have internal memory (hidden
states) that captures information from previous time
steps, allowing them to learn patterns and dependen-
cies over time.

Structure: An RNN consists of layers of neurons
where each neuron receives inputs not only from the cur-
rent time step but also from its own previous output.

Backpropagation Through Time (BPTT):
The training of RNNs involves a variation of back-
propagation (BPTT), which updates weights by con-
sidering the entire sequence of data.

Empirical Results

Here, we illustrate the predicted results graphi-
cally using several models “Statistical and machine
learning models” (Fig. 3).

We show numerical results using this measure
such as RMSE, a smaller RMSE and MAE indicates
better performance (Tabl.).

Discussion

We have applied statistical models: ARIMA,
SARIMA, BATS, and ETS, as well as a machine
learning model, RNN.

ARIMA is not suitable for modeling and predict-
ing this data due to the lack of seasonal patterns.
Therefore, we opted for SARIMA, which can handle
seasonal patterns. SARIMA performed well in fore-
casting the confirmed cases in winter 2023 but exhib-
it poor performance for the winter of 2024 due to its
short persistence.

ETS had the worst performance. We applied sim-
ple exponential smoothing but could not use multi-
plicative errors and seasonal components due to neg-
ative values. Similarly, the additive case also resulted
in negative values.

BATS performed well due to its ability to handle
seasonal components and its treatment of errors as
ARMA, meaning they are autocorrelated (depend-
ent), which is more realistic compared to the inde-
pendent errors assumed by ARIMA and SARIMA.
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Figure 3. Predicting confirmed cases of Influenza A
in Algeria

Table. Measure of performance
Models | ARIMA | SARIMA ETS
RMSE | 78.319 75176 80.353

BATS
74.088

RNN
71.335

To improve the results, we replaced negative values
with zeroes.

The RNN model performed the best due to its
capacity to handle complex patterns, including non-
linear and periodic trends, and its ability to over-
come the problem of memory. However, it had prob-
lems modeling the rest of the year except for the
wintertime.

Suggestions for reducing the number of confirmed
cases of Influenza A

A combination of public health initiatives, per-
sonal efforts, and preventative measures are needed
to decrease the number of confirmed cases of influ-
enza A. The following are some crucial procedures:

Vaccination: Boost the use of yearly influenza
vaccinations, which aim to protect people against
the most prevalent strains that emerge each season.

Public Health Campaigns: Organize awareness
programs to inform people about the value of immu-
nizations, good hand cleanliness, and proper respira-
tory protocol.

Social Distancing: Take steps to avoid close
proximity in crowded regions, particularly during
the prime time of the flu season. This can involve
advising people to stay away from crowded places,
work from home, and keep a safe distance from other
people.

Surveillance and FEarly Detection: Implement
robust surveillance systems to: Monitor Influenza
Activity: Track the spread and evolution of influen-
za strains in real-time. Identify Outbreaks: Quickly
detect and respond to outbreaks to contain their
spread.

Data Sharing: Collaborate with international
health organizations for data sharing and coordinat-
ed response efforts.
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Conclusion

To summarize, this work examined the behavior
of confirmed Influenza A cases in Algeria and ap-
plied various statistical and machine learning mod-
els to predict the future behavior of this phenom-
enon. This approach enhances our understanding
of the disease’s future trends. Based on our find-

ings, we have suggested recommendations to help
reduce the number of confirmed Influenza A cases.
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