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Abstract. The main goal of this paper is to delve into a crucial epidemiological metric the daily infection fatality rate in the 

context of the ongoing COVID-19 pandemic. The significance of understanding this metric lies in its potential to provide 

insights into the severity and impact of the virus on a daily basis. Methods: To achieve this overarching objective, we 

employ a comprehensive approach by applying various hybrid models that hybridize both machine learning and statistical 

techniques. In our pursuit of a deeper understanding, we leverage advanced machine learning algorithms, including 

Support Vector Machine and Random Forest. These techniques allow us to capture intricate patterns and relationships 

within the data, contributing to a more nuanced analysis of the infection fatality rate. The application of machine-learning 

models in epidemiological studies has gained prominence due to their ability to adapt to complex and evolving patterns 

inherent in infectious disease dynamics. Complementing our machine-learning arsenal, we integrate traditional statistical 

models such as ARIMA (AutoRegressive Integrated Moving Average), fractional ARIMA, and BATS (Bayesian Structural 

Time Series). Results. To assess the performance of these models, we employ key evaluation metrics, including Root Mean 

Squared Error (RMSE), Mean Squared Error (MSE), and Mean Absolute Error (MAE). These metrics serve as critical 

benchmarks, allowing us to quantify the accuracy and reliability of our models in predicting the daily infection fatality 

rate. A meticulous evaluation of model performance is crucial for ensuring the validity and of our findings. According 

to these measures, we see that hybrid models performed well especially ARIMA-RF model RMSE: 0.29, MSE: 0.084, 

MAE: 0.215 for the horizon 60 and for horizon 120 ARIMA-RF still the best performance, RMSE: 0.268, MSE: 0.071, 

MAE: 0.183, we get these results due to the capacity of this approach to handle complex patterns contrarily to other model 

ARIMA, BATS, RF and SVM. Conclusion. This work adopted this approach in order to build a model to predict infection 

fatality rate, we aspire to provide a nuanced understanding of the factors influencing the severity of the virus, ultimately 

contributing to the ongoing discourse on effective public health interventions and mitigation strategies.

Key words: epidemiology, infection fatality rate, forecast, statistical models, machine learning, performance, hybrid model.
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Резюме. История вопроса. Основная цель этой статьи заключается в углублении понимания роли важнейше-

го эпидемиологического показателя — коэффициента летальности при заражении на фоне продолжающей-

ся пандемии COVID-19. Важность понимания этого показателя состоит в том, что он позволяет ежедневно 

Адрес для переписки:

Джиллали Себа
22016, Алжир, г. Сиди Бель Аббес, ул. 8 мая 1945 года, 
Высшая школа информатики.
Тел.: +213-7-82-01-74-34. E-mail: d.seba@esi-sba.dz

Contacts:

Djillali Seba
22016, Sidi Bel Abbes, Algérie, Rue du 8 Mai 1945, 
École Supérieure en Informatique.
Phone: +213-7-82-01-74-34. E-mail: d.seba@esi-sba.dz

Для цитирования:

Себа Д., Белаиде К. Прогнозирование уровня летальности при 
COVID-19: оценка эффективности некоторых гибридных моделей // 
Инфекция и иммунитет. 2024. Т. 14, № 2. C. 313–319. doi: 10.15789/2220-
7619-FIF-17548

Citation:

Seba D., Belaide K. Forecasting infection fatality rate of COVID-19: 
measuring the efficiency of several hybrid models // Russian Journal 
of Infection and Immunity = Infektsiya i immunitet, 2024, vol. 14, no. 2, 
pp. 313–319. doi: 10.15789/2220-7619-FIF-17548

© Seba D., Belaide K., 2024 DOI: http://dx.doi.org/10.15789/2220-7619-FIF-17548

https://crossmark.crossref.org/dialog/?doi=10.15789/2220-7619-FIF-17548&domain=PDF&date_stamp=2024-08-05


314

Инфекция и иммунитетD. Seba, K. Belaide

оценивать выраженность вирусного инфицирования и ее воздействие. Материалы и методы. Для достижения 

этой всеобъемлющей цели мы применяем комплексный подход, используя различные гибридные модели, объ-

единяющие машинное обучение и статистические методы. Углубленное понимание значимости указанного 

параметра достигается с использованием передовых алгоритмов машинного обучения, включая машину опор-

ных векторов и случайные деревья решений. Эти методы позволяют обнаруживать сложные закономерности 

и взаимосвязи в данных, способствуя более детальному анализу уровня смертности от инфекций. Применение 

моделей машинного обучения в эпидемиологических исследованиях приобрело известность благодаря их 

способности адаптироваться к сложным и развивающимся закономерностям, присущим динамике инфекци-

онных заболеваний. Дополняя доступный арсенал машинного обучения, мы совмещаем традиционные ста-

тистические модели, такие как ARIMA (авторегрессионное интегрированное скользящее среднее), дробное 

ARIMA и BATS (байесовский структурный временной ряд). Эти модели обеспечивают проверенную временем 

и строгую статистическую основу для проводимого анализа, позволяя выявить временные зависимости и тен-

денции коэффициента летальности при заражении. Синергия машинного обучения и статистических моделей 

дает нашему исследованию целостную перспективу, обеспечивая надежное и всестороннее исследование эпи-

демиологической ситуации. Результаты. Для оценки эффективности этих моделей мы используем ключевые 

показатели оценки, включая среднеквадратическую ошибку (RMSE), среднеквадратическую ошибку (MSE) 

и среднюю абсолютную ошибку (MAE). Эти показатели служат важнейшими ориентирами, позволяя нам ко-

личественно оценить точность и надежность наших моделей при прогнозировании ежедневного коэффициент 

летальности при заражении. Тщательная оценка эффективности модели имеет решающее значение для обе-

спечения достоверности наших выводов. Согласно этим измерениям, гибридные модели показали хорошие 

результаты, особенно модель ARIMA-RF RMSE: 0.29, MSE: 0.084, MAE: 0.215 для горизонта 60 и для гори-

зонта 120 ARIMA-RF по-прежнему демонстрировали лучшую производительность, RMSE: 0.268, MSE: 0.071, 

MAE: 0.183 позволили получить такие результаты благодаря способности этого подхода обрабатывать сложные 

шаблоны в отличие от моделей ARIMA, BATS, RF и SVM. Заключение. В данной работе применялся подход 

для построения модели по прогнозированию уровня коэффициента летальности при заражении, нацелен-

ный на предоставление детального понимания факторов, влияющих на тяжесть вирусного инфицирования. 

В конечном итоге это будет способствовать продолжающемуся обсуждению эффективных мер общественного 

здравоохранения и стратегий нивелирования последствий.

Ключевые слова: эпидемиология, коэффициент летальности при заражении, прогноз, статистические модели, машинное 

обучение, производительность, гибридная модель.

Introduction

A highly contagious respiratory illnes, COVID-19 

caused by the SARS-CoV-2 virus was initially dis-

covered in China, in December 2019, and since then, 

it has spread over the world.

This pandemic has had significant impacts on many 

aspects of life, including public health, the economy, 

education, and social interactions. For this reason, 

forecasting COVID-19 is an important tool in manag-

ing the pandemic, helping to minimize its impact and 

inform public health interventions.

Numerous researchers extensively explored this pan-

demic. For instance Alzahrani et al. [4] used ARIMA 

model to predict the spread of the pandemic, Dahesh et 

al. [8] treated the new cases using ARIMA model, Roy et 

al. [16] focused on spatial prediction. Note-worthy con-

tributions also include the research conducted by Rath et 

al. [15], Chen [9], Lukman et al. [13], Yousaf et al. [23].

Numerous researchers have examinated this phe-

nomena through the application of genetic algorithm, 

such as the works of Deif et al. [10], Salgorta et al. [17], 

Acosta et al. [1].

The deep learning tools are also used to predict 

the new cases such as the work of Alazab et al. [3], 

Tamang et al. [19] Kapoor et al. [12] and Namasudra 

et al. [14] use neural networks, Zeroual et al. [24] make 

a compartive study between different deep learning 

models, ArunKumar et al. [5] compared between 

statistical models ARIMA, seasonal ARIMA model 

and machine learning models Gated Recurrent unit 

(GRU), Long-Short term memory (LSTM).

IFR stands for infection fatality rate, which is the 

proportion of people who die from an infectious dis-

ease among all those who have been infected, was 

also estimated and forecasted in many works such as 

Singh et al. [18], Vattay et al. [22] Forecast the out-

come and estimating the epidemic model parameters 

from the fatality time series. Ahmar et al. [2] use 

ARIMA and nonlinear AR model.

In the remainder of this paper we deal with fore-

casting daily IFR using hybrid models then we evalu-

ate their effectiveness. In the second section we pre-

sent both the data and the descriptive statistics, which 

provide insights into the behavior of the phenom-

enon. Moving on to the third section we elaborate 

the methodology employed in our study, The final 

section encompasses the implementation of our ap-

proach which includes statistical models (ARIMA, 

BATS) and hybrid models (ARIMA-SVM, BATS-

SVM, BATS-RVM, ARIMA-Random Forest and 

BATS-Random Forest), These models are subse-

quently subjected to comparison using performance 

metrics such as RMSE, MSE, and MAE.
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Materials and methods

Forecasting 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 

ARIMA(p, d, q) an integrated mixture autoregres-

sive moving average model if it satisfies the following 

equation:

(1)

where d ∈ N, L is lag operator, εt ∼ N (0, σ 2) i.i.d. er-

rors, with σ 2 < �.

 – In the case of d = 0, we obtain ARMA(p, q) 

process;

 – In the case of d ∈ R, coincide with Fractional 

ARIMA(p, d, q) process.

BATS model

The BATS (Exponential smoothing state space 

model with Box-Cox transformation, ARMA errors, 

Trend and Seasonal components) model is a time 

series forecasting model that was proposed by De 

Livera et al. [11].

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.

Random Forest (RF)

The random forest for regression algorithm 

is a machine learning algorithm that combines mul-

tiple decision trees to predict continuous target varia-

bles. The algorithm works as follows: Select a random 

subset of the training data, with replacement.

Construct a decision tree for the subset of data by 

recursively partitioning the data into subsets based 

on the values of the input features. At each node, 

randomly select a subset of features to consider 

for splitting.

Repeat the previous steps to create multiple deci-

sion trees.

For prediction, pass the input data through all 

the decision trees and obtain the predicted target 

variable for each tree.

Aggregate the predictions of all trees to obtain 

the final prediction. This can be done by taking 

the average of the predicted values or using weighted 

averaging.

SVM model

Support vector machine (SVM) analysis is a pop-

ular machine learning tool for classification and re-

gression, it is considered a nonparametric technique 

because it relies on kernel functions.

Given deviation data of training xi(i = 1, 2, , m) 

where xi R
n is the input vector with n-dimension, yi 

Rn is the associated desired output value of xi. Then 

the SVMs model is formulated as follows:

(2)

Where (φ(x)) is called the feature that is non lin-

early mapping from the input space x. The w and b 

are coefficients that are estimated by minimizing 

the regularized risk function shown in formula:

(3)

where C is the regularized constant determin-

ing the trade-off between the empirical error and 

the regularization term. The larger the constant C 

is, the more the minimum experience risk is empha-

sized, and the lower the generalization of function f.

Using the Lagrange function and duality theo-

ry, and with the kernel function k(x, x) introduced, 

the function given in 3 can be transformed into 

a quadratic programming problem as follows:

(4)

0 � αi,αi∗ � C,

where αi and αi∗ are Lagrange multipliers. They 

are obtained by solving this quadratic program-

ming problem, and the input vector xi corresponding 

the nonzero αi and αi∗ ia is the support vector. Thus, 

we transform 6 the following equation:

(5)

i = 1, 2,  ,  m

Empirical results and discussion

Infection fatality rate (IFR) is a measure used 

to assess the proportion of infected individuals with 

fatal outcomes. Here is the formula used to calculate 

daily IFR for COVID-19:

(6)

Source of data: World health organization.

We have dealt with new cases and new deaths over 

the world from January, 3rd 2020 to March 16th 2023 

Using (6), we calculate IFR index.

As shown in Fig. 1 the IFR is may appear higher 

in the first three months but it subsequently decreased 

significantly. This is due to the social awareness and 
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the effective implementation of public health meas-

ures, such as mask mandates, social distancing, and 

lockdowns.

Two years into the pandemic, the IFR dropped 

significantly, approaching close to zero, largely due 

to widespread vaccination among the population, es-

pecially those at higher risk of severe illness, the over-

all death rate can decrease.

In the early stages of the pandemic, testing avail-

ability was limited, and many mild or asymptomatic 

cases went unreported. As testing capacity increases 

and more people get tested, health authorities can 

identify a larger proportion of mild cases.

Methodology

The methodology used in our work is to imple-

ment a statistical approach to model the data.

(7)

Xt is decomposed into two parts linear component 

Yt and nonlinear component Ut, we apply statistical 

models (ARIMA and BATS) which are more suited 

to linear pattern Ŷ(t), then the difference εt = Xt – Ŷ(t) 

is the residual.

The residual series εt contains the nonlinear parts, 

thus we use SVM and RVM to fit residuals gives 

the predicted values Ȗ(t), finally we combine the two 

predictive results to get:

(8)

Results

We decompose the data into training data and test 

data, we use test data as horizon of forecasting to val-

idate the results. We treat two cases, in the first case 

we use horizon of 60 days (short term) in other words 

the last 60 observations are test data. the second case 

horizon is 120 days (long term).

In Table 1 We provide a summary of how our data 

is described, we detect the missing values (Na’s). 

In this case the mean is close to the median it suggests 

that the data has a relatively symmetrical distribu-

tion, which can be a useful insight for understanding 

the central tendency and overall shape of the dataset.

From Table 2 we can conclude some results about 

our data:

The primary purpose of the KPSS test is to check 

for the presence of a unit root in the time series data. 

A unit root indicates nonstationarity. If the test sta-

tistic is greater than the critical values at a chosen sig-

nificance level, you fail to reject the null hypothesis, 

suggesting that the data is nonstationary and this 

is our case 0.01 < 0.05.

Identifying nonstationarity is important because 

many time series forecasting models assume station-

arity, and addressing nonstationarity may involve 

transformations or differencing to make the data 

suitable for modeling.

Kolmogorov–Smirnov test is a valuable statistical 

tool for assessing goodness of fit between a sample 

distribution and a theoretical distribution (Normal 

distribution in our case).

he primary utility of the Terasvirta test is to detect 

nonlinearities in time series data, instead of using 

linear models, you may choose to employ nonlinear 

modeling techniques and that is explain our choice 

to hybridize statistical models and machine learning 

models which handle nonlinear patterns.

The Hurst exponent serves as a valuable tool 

for evaluating whether long memory models are suit-

able candidates and for estimating the memory pa-

rameter in an ARFIMA model.

d = H – ½, thus d = 0.49908 which is close to 0.5, 

This proximity to 0.5 implies that ARFIMA model 

non-invertible suggesting that short memory process 

such as ARIMA more suitable to model our data.

From Figure 2 the ACF function did not de-

crease hyperbolically which confirm that short 

term memory model is a good candidate, and we re-

mark clearly from the PACF function has a periodic 

component.

Handling missing values

We remove missing values (NA’s), it appears when 

the number of the new cases is 0, thus it is more ac-

curate to replace missing values with zero’s.

ARIMA:

Due to the ARIMA model’s efficiency in analyz-

ing time series, we first apply it. By using the Box-

Jenkins approach and the Akaike Information 

Criterion (AIC) and Bayesian Information Criterion 

(BIC) to select the the best ARIMA model, which 

is in our case ARIMA (5,1,3), we obtain the follow-

ing equation.

For the horizon of forecasting h = 60, 120.

(9)

Table 1. Descriptive statistics for Daily IFR

min 1stQu Median Mean 3rdQu max NA’s

0
0.373

9
1.5395

1.817
1

2.167
6

29.867
7

8

Figure 1. Daily IFR of COVID-19 from January, 

3rd 2020 to March 16th 2023
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We have used ARFIMA function to fit the mod-

el, we get a Fractional AutoRegressive model 

FAR(1,0.4998,2) the integrated fraction d is close 

to 0.5 which make the model not invertible.

We have used Maximum likelihood method to es-

timate the parameters of ARIMA and ARFIMA 

models.

BATS:

For the horizon h = 60, 120.

We perform BATS model, the output in R lan-

guage is BATS (1, 1,4, –, –). The first is the ω param-

eter of the Box-Cox transform, the second is ARMA 

order of the errors, the third is φ trend damping, 

the fourth is the seasonal periods, which in your case 

are none. ω = 1, meaning that indeed, there is no 

Box-Cox transformation.

ARMA order of errors is ARMA(1,4) with auto-

regressive coefficients 0.608 and moving average co-

efficients 0.658, 0.415, 0.369635, 0.52285 for the ho-

rizon h = 120.

SVM:

For the horizon h = 60.

SVM models have various hyperparameters that 

can be tuned using cross validation method, we have 

used epsilon regression which is tolerance error, we 

use also radial kernel K(xj, xk) exp(xj xk
2) it allows 

to capture nonlinear patterns. ∈ = 0.2, gamma = 2, 

cost = 512.

For the horizon h = 120.

The best hyperparameters ∈ = 0.2, cost = 4, gam-

ma = 1

Random Forest:

For the horizon h = 60.

As Random forest is an ensemble of decision trees, 

thus the number of trees is 500 and mean of squared 

residuals is 3.001598.

For the horizon h = 120.

The number of trees is 500 and mean of squared 

residuals is 3.162188.

Forecasting Hybrid models

We treat the residuals of ARIMA with SVM then 

with Random Forest model in order to improve 

the forecasting results, we do the same thing with 

BATS-SVM and BAATS RVM.

We tune the hyperparameters using cross valida-

tion technique.

Illustration

Performance Measures

RMSE, MAE, and MSE are commonly used 

evaluation metrics in machine learning and statistics 

to assess the performance of models. They are used 

to measure the accuracy of predicted continuous val-

ues compared to the actual values.

(10)

(11)

(12)

Discussion

A small MAE means that our model is excellent 

at predictions, while a large MAE suggests that our 

model does not perform well at predictions. Unlike 

MSE, we do not square the residuals, thus MAE 

is more robust to outliers.

A higher MSE indicates that the model will be 

penalized for making predictions that significantly 

differ from the actual value. This means that a large 

difference between predicted and actual values will 

be more heavily penalized in MSE than in MAE. 

RMSE and MSE are sensitive to outliers.

We remark in Fig. 3 and 4 (see cover III) Hybrid 

models in two cases for h = 60 and h = 120 perform bet-

ter than ARIMA and BATS because these models are 

linear and can not handle nonlinear pattern, contrarily 

SVM can treat nonlinear patterns due to its form of ker-

nel, Random Forest has a good performance because 

it aggregate the results of many decision tree.

We are unable to make predictions using ARFIMA 

due to the parameter d being extremely close to 0.5 

which makes the model non-invertible The advantage 

Table 2. Some characteristics of daily Infection 

Fatality Rate

Tests Daily IFR Comment

KPSS test 0.01 Non stationary
Kolmogorov-Smirnov Test 2.2e-16 Non normal
Terasvirta test 2.2e-16 Non linear
Hurst Exponent 0.99908 Short term memory

Figure 2. ACF and PACF for Daily IFR
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of hybrid models is that we can deal with linear com-

ponents (ARIMA and BATS) and nonlinear compo-

nent (SVM and RF).

In Fig. 3 (see cover III), for h = 120, BATS has 

a good performance then ARIMA because it deals 

with short term memory phenomenon, same thing 

for BATS but this model can deal with complex pat-

tern in time series such seasonal component and it as-

sumes that there is a correlation between the errors.

In Fig. 4 (see cover III), for h = 120, ARIMA-RF 

has a good performance for the 60 days, but thereafter, its 

performance declines, primarily attributed to the limited 

memory capacity within Random Forest (RF) models.

Based on the performance measures in Table 3, 

it is evident that ARIMA-RF consistently demon-

strates the superior performance in both scenarios.

Conclusion

To sum up, we have studied the behavior of daily 

IFR of COVID-19 using statistical models and ma-

chine learning models, we have fitted the values of dai-

ly IFR which help us to understand the phenomena. 

To improve the forecasting results we have put into 

practice hybrid models such as ARIMA-SVM, BATS-

SVM, ARIMA-RF and BATS-RF, basing on perfor-

mance measures ARIMA-RF is the best model.
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Table 3. Performance Measures

h = 60 RMSE MSE MAE h = 120 RMSE MSE MAE

ARIMA 0.367 0.135 0.248 ARIMA 0.369 0.136 0.272
ARFIMA NaN NaN NaN ARFIMA NaN NaN NaN

BATS 0.388 0.151 0.265 BATS 0.363 0.132 0.289
SVM 0.362 0.131 0.243 SVM 0.345 0.129 0.266

RF 0.308 0.095 0.234 RF 0.377 0.142 0.278
BATS-SVM 0.345 0.119 0.251 BATS-SVM 0.345 0.129 0.264

BATS-RF 0.301 0.094 0.219 BATS-RF 0.360 0.094 0.289
ARIMA-SVM 0.324 0.105 0.216 ARIMA-SVM 0.342 0.117 0.266

ARIMA-RF 0.290 0.084 0.215 ARIMA-RF 0.268 0.071 0.183
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Figure 3. Daily IFR Forecasting with horizon h = 60

Figure 4. Daily IFR Forecasting with horizon h = 120
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