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Abstract: To augment the accuracy of the results of a Time-Series Forecasting problem in the Computational
Epidemiology domain of Public Health, to generate an accurate alert in a Real-time Outbreak and Disease Surveillance
(RODS) system, namely in the prediction of Malaria incidences, an interdisciplinary approach of data analysis [through
Statistical along with Machine-Learning (ML) and Deep-Learning techniques (DL)] has been studied in this research.
Two different Non-linear Deep-Learning based techniques, viz., Long Short-Term Memory (LSTM) [a subclass of
Recurrent Neural Network (RNN)] & Gated Recurrent Unit (GRU) and two different Non-linear Machine-Learning
techniques, viz., Random Forest Regressor & Non-linear Support Vector Machine Regressor are applied in this study to
compare against the traditional Statistical-based linear SARIMA model, to forecast a longitudinal data-set of malaria
incidences. While SARIMA or other traditional Autoregressive (AR) models, necessitating a smaller number of
parameters, undergo limited training and limited prediction power, ML and DL models show profound and persistent
performance improvement with better noise-handling/ missing values and perform multi-step forecasts. Moreover, the
over-fitting issue can be combated by introducing densely connected residual links in the ML/ DL networks.

Index Terms: Computational Epidemiology, Public Health, Machine Learning, Deep Learning, Real-time Outbreak and
Disease Surveillance System, LSTM, GRU, SARIMA, RF Regressor, Non-linear SVM Regressor.

1. Introduction

Big data is being produced at an unprecedented pace. Sorting a large volume of data or clustering it according to
public health, a vital domain within health sciences, necessitates periodic prediction of disease epidemics and outbreaks.
Timely detection, monitoring, and forecasting of disease outbreaks are quite crucial for implementing effective health
interventions to control epidemics. Computational epidemiology primarily focuses on compartmental models that divide
the total population into sub-groups of susceptible, infective, and recovered individuals, with transitions among these
groups modelled by differential equations. However, traditional (statistical) models, despite their popularity, exhibit
limited predictive power due to their inability to model individual-level information and their constrained functional
space. These models do not incorporate modern technologies such as machine learning (ML) and data mining. Therefore,
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advancing research to develop more resilient predictive models that accommodate the complexities inherent in disease
dynamics is imperative to ensure the continued relevance of computational epidemiology in public health management.

An interdisciplinary approach to the spatiotemporal characteristics inherent in time-series forecasting problems
requiring real-time alerts reveals that epidemic observations are typically encompassed by Autoregressive (AR) models
and their variants (e.g., VAR) to capture temporal patterns [1-3]. While AR models leverage continuously updated
historical data to generate linear predictions based on model parameters, Gaussian Process Regression (GPR) [4] enhances
predictive capabilities through the use of a non-linear kernel (e.g., radial basis function) to model intricate temporal
patterns. Traditional compartment models maintain fixed parameters throughout the process, whereas time-series models
exhibit adaptability. Both AR and GPR, due to their reliance on linear combinations or predefined kernels, demand fewer
parameters. However, weekly sampled epidemic data undergo limited training, which constrains the expressiveness and
predictive power of these widely used models.

Adapting advanced methodologies from other domains to computational epidemiology, the deep learning (DL)
approach, specifically deep neural networks, has been applied to the epidemic prediction problem from a time-series
forecasting perspective [5-12]. Utilizing adjacent graph convolution and a recurrent module, this method demonstrates
significant and consistent performance improvements over baseline methods when tested on multiple real-world datasets
[13-17]. Additionally, ablation tests reveal that the overfitting issue, commonly encountered in DL, has been effectively
mitigated through the incorporation of densely connected residual links within the networks.

A neural network captures the dynamics of sample data systems in predicting the behavior of a complex, non-linear
system to forecast time series predictions of malaria incidences. Recurrent Neural Network (RNN), in particular, a type
of DL technique for its capacity to gather insights from sequences [5,18,19], is thus quite suitable to get insight for time-
series forecasting [20-22]. The Long Short-Term Memory (LSTM), a subclass of RNN [23-25] enables real-time training
of sequential data of any duration, using recurrent, hidden & gated units to notice hidden long/short-term sequential
dependencies. Accordingly, RNN is utilized to identify the data structure and pattern, to capture non-linearity and
complexity. Thus, a Malaria Incidence Prediction system using RNN-LSTM is envisaged in this paper.

Gated Recurrent Unit (GRU), another DL technique, is also an important sequential data modelling method for its
ability to capture long-range dependencies. GRU is conspicuous for its simplified architecture, utilizing lesser numbers
of parameters compared to LSTM. Thus, GRU can be used for more efficient training and reduced computational
necessities.

The non-linear ML model, Random Forest Regressor/ Random Forest (RF), a versatile group-learning method, is
also capable of handling complex data relationships through a combination of multiple decision trees. Random Forest is
excellent in capturing non-linear patterns and interactions within the dataset. Another non-linear ML model, Non-linear
Support Vector Machine Regressor/ Non-linear Support Vector Machine (SVM) is a powerful regression algorithm, used
to handle non-linear relationships effectively. SVM constructs a hyperplane in a high-dimensional space to classify data
points, and capture intricate data patterns. Accordingly, Random Forest and SVM are also used in this paper to predict
Malaria incidence time series data.

1.1. Objectives of the Present Study

The present research at the initiation used the traditional Statistical (SARIMA) model for forecasting malaria
incidences in Kolkata (India). With the gradual development of Machine-Learning and Deep-Learning approaches in
malaria predictions, traditional ML models (RF and SVM) and traditional DL models (LSTM & GRU) algorithms were
next tried in this research. This paper thus envisages a comparison amongst the above-stated models only, to provide a
primary baseline of comparison among traditional, well-documented and/or robust statistical, ML and DL techniques.
However, the potentials of the other renowned models like XGBoost for handling high-dimensional datasets, ARIMA-
ANN hybrids for combining linear and non-linear dependencies, and Transformers for their capability in long-range
sequence modelling are kept reserved for future analysis/ detailing and fine-tuning of this research to provide deeper and
more general and comprehensive insights.

Malaria outbreak prediction is a mandatory activity of public health authorities for preventive measures in India.
ARIMA, a commonly used linear forecasting model, exhibits vulnerability in outlier detection. When outliers are present,
parameters undergo re-estimation as the order of the ARIMA model changes, limiting prediction-adaptability. To improve
modelling, various activities are considered, e.g., incorporating trend and seasonality in ARIMA to augment accuracy and
address missing values in traditional methods. On the contrary, ML and DL models are advantageous in time-series
forecasting due to their capability in accommodating multivariate inputs for better approximating arbitrary nonlinear
functions through multi-step predictions, mitigating noise/ missing values. Thus, ML /DL techniques utilize well-defined
malaria outbreak parameters [26] for effective prediction [27], while traditional methods rely on in-depth statistics.

As discussed above, some of these diverse ML, DL and traditional ARIMA models are studied in this research, to
get an overview of a comprehensive and robust analysis of Malaria incidence forecasting to understand the strengths of
traditional Statistical Models against the DL and ML approaches. The objective of this study is to examine the comparative
results of malaria prediction obtained from different Statistical and ML or DL algorithms.

1.2. Contributions of the Present Work

The main contributions of this work are:
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« A novel comparative effectiveness of two modern ML (Random Forest and SVM) and DL (LSTM & GRU)
algorithms against traditional Statistical ARIMA algorithms.

«  The limitations of traditional Statistical algorithms in the present era of Neural Net and Artificial Intelligence.

« A significant interdisciplinary application in computational epidemiology in the domain of public health
management.

«  Forecasting capabilities of ML & DL models in real-time time-series observational data-set of spatiotemporal
characteristics.

1.3. Organization of the Paper

The remaining part of the paper is structured as follows. Section 2 deals with a brief review of the related works of
literature. Section 3 details the methodologies Data-Collection, followed to arrive at the results for comparison of the five
models selected in this study. Section 4 is dedicated to describing the outcomes of the implementation of one statistical,
two deep learning and two machine learning models. In the concluding Discussions Section, the prospective future
research works are presented followed by conclusions and future works.

2. Related Research Works

For epidemiological forecasting of disease incidences, deaths, prevalence, transmission, hospital resources, etc.,
various artificial intelligence models (ML/DL) are being widely used even in pandemics (including COVID-19), to
medical diagnosis, new drug development, vaccine discovery, disease-tracking, disease-monitoring and time-series of the
epidemic [28-29]. Due to factors, viz., lack of training data, heterogeneity of data sources, need for interdisciplinary
cooperation, (like, computer science, mathematics, statistics, biology, virology, pharmaceuticals, medicine, etc.), [30],
etc., ML & DL models, for their inherent methodological qualities (e.g., data-oriented approach, requiring no specialized/
expert knowledge and significant accuracy (cf. mathematical/ statistical models) [31-32] were more utilized for
epidemiological predictions in different countries [33-41], in particular DL algorithms generating deterministic
projections [42-44].

In respect of time series modelling, to meet different goals and challenges to achieve the objective of accurate &
reliable forecasting, probabilistic predictions were so long better used to project incidences/ deaths [45], due to the
existence of a high degree of uncertainty in the data. During COVID-19, the dependency relationship amongst various
disease variables (e.g., the number of daily deaths having a high correlation with the vaccination status) [46-47] was not
taken into consideration in different DL models applied to the pandemic context around the world and that ultimately
favorably changed the dynamics of the pandemic [48]. In time-series analysis, the number of reported cases is associated
with variables related to seasonality, weather periods, and even length of holidays [49]. Thus, ML/ DL models and their
hyper-parameters often represent a significant additional difficulty [50]. There is another challenge of forecasting the
number of new cases, considering volatile fluctuations in daily numbers, suggesting analysis of longer periods of input
data to build models for reasonable predictions [51].

3. Methodology

3.1. Study Area

This study is done in Kolkata, a metropolitan city of India, situated at 22.5726° N, 88.3639° E, having an area of
1,886.67 km? and a population of approx. 4,500,000 according to the 2011 Census. The administrative structure of The
Kolkata Municipal Corporation (KMC) comprises 144 wards within 15 Boroughs. From the environmental point of view,
Kolkata has prolonged summer and rains (annual rainfall of about 1850 mm (73 in) occurring between June to September
[52]) with a tropical humid, hot, wet-and-dry climate, characterized by an annual mean temperature of 26.8°C (variations
ranging from 30° —40°C), while the winter season spanning only 2-3 months, with minimum temperatures dropping to 9—
11 °C in December and January [53].

3.2. Data Description

Through the Integrated Disease Surveillance Programme (IDSP) under National Health Mission, public health
organizations systematically collect patient-related information and maintain health records in all States and Union
Territories of India, which are digitized to a centralized database for efficient data storage and retrieval. Consequently, a
substantial volume of data undergoes comprehensive analyses to generate decisions pertaining to disease surveillance and
public health management [54-56].

The Kolkata Municipal Corporation, the governing body responsible for managing endemic disease outbreaks in
Kolkata, actively gathers, stores, and maintains disease-related data for the city. The dataset comprises malaria case-
details recorded by KMC. The records of data, spanning from January 1, 2014, to December 31, 2018 are considered here
for analysis. The Malaria Incidence Rate is computed by multiplying the total positive cases per week by 100,000 and
dividing the result by the population of Kolkata. This calculated Incidence Rate (reflecting the number of infected
individuals in a given week) indicates the risk of infection, which serves as a pivotal metric for the study.
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3.3. Data Analysis Methods

The epidemic prediction problem constitutes a time series forecasting task, as evidenced by X; € E™, the
multivariate epidemiological profile of a disease. This profile comprises observations (x) from various sources/signals at
any time point (t), such as the weekly malaria patient counts in m boroughs of Kolkata, influenced by different
environmental variables. In this study, a univariate study-data of Malaria Incidence Rate in Kolkata only is considered
for analysis. However, this study data is analyzed by five analytical methods to detect optimal analytical methodology.
Given X = [x1, X2, . . . , XT |, representing the available training data over a time span of size T, the objective is to forecast
the epidemiological profile of malaria in Kolkata at a future time point (T+h), where h denotes the time lag.

Thus, this study uses Time-series analysis using traditional Statistical Auto-Regressive models along with two
Machine-Leaning models as well as two Deep-Learning models to forecast weekly malaria incidence rates in Kolkata.
Accordingly, this paper aims to compare the results obtained from Machine-Leaning models and Deep-Learning models
algorithms against the results of traditional Statistical Auto-Regressive models to forecast time-series data.

3.4. Performance Evaluation of Different Models

Root Mean Squared Error (RMSE) is a common measurement for the accuracy of the prediction. Here, the RMSE
value is used to compare the performance of the prediction of the five models used here.

RMSE = [SIL,(X; = X)? (1)

The Root Mean Squared Error (RMSE) serves as the metric for assessing model performance, measuring the
deviation between observed and predicted values. A lower RMSE indicates reduced variance between actual and predicted
results, reflecting improved model accuracy in predictive tasks.

Mean Absolute Error (MAE) measures the average magnitude of errors between predicted and actual values,
irrespective of their direction. It provides an absolute scale of prediction accuracy. The formula for MAE is:

1 —_
MAE = 237, |X; - | @

Mean Absolute Percentage Error (MAPE) quantifies prediction accuracy as a percentage. It calculates the average
absolute percentage difference between actual and predicted values:

Xi—)?

MAPE = %| | x 100 3)

4. Results

Based on the observed weekly data of Malaria Incidence Rates of Kolkata from Jan-2014 to Dec-2018, a plot is
drawn, where Y1, Y,...,Y~n show the length N (N =1, 2, 3, .....261) data points (Fig.1.). In this time-series plot, a seasonal
pattern of a peak in July to September is prominent along with a small peak in November-December. As is observed, the
pattern of Malaria Incidence Rates is downward in 2015 and from 2016 to 2018 it is almost the same.

Incidence Rate

T T T T T T
2014 2015 2016 2017 2018 2019

Time Period (2014-2018)

Fig.1. Time series plot of malaria incidence rate

4.1. Data Pre-processing

While feature scaling and normalization are often recommended for ML models like SVM and RF, for data distance
measurements, GRU and LSTM focus on sequence learning rather than absolute distances between values. GRU and
LSTM models have inherent learning capabilities and are designed to handle sequential data effectively and to focus on
learning patterns over time. As the models use different gates (viz., input, forget, and output gates) to control the flow of
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information, issues related to the scale or magnitude of the input data are mitigated. The ability to focus on relative
changes and temporal dependencies reduces the sensitivity of these models to the absolute scale of the input values. GRU
and LSTM models are resilient to input scaling and they internally learn weights and biases during training that adapt to
the scale of the data. As long as the input values are consistent across training and testing phases, these models perform
well without explicit scaling or normalization. In the present study, for uni-variate forecasting tasks, the input typically
represents a single feature (e.g., malaria incidence counts), making scaling less critical compared to multivariate tasks
where features have varying scales.

However, employing imputation techniques viz., forward filling, missing values were handled before feeding the
data into GRU and LSTM models, to ensure that the sequence remained continuous and meaningful for temporal
modelling.

A. Time-series Stationarity

Using the moving averages technique, the Time Series (Y1) is decomposed into seasonality (S), trend (T;) & irregular
(e)) components [57] which reveals a downward trend from 2014 to 2015 and then the trend from 2016 to 2018 become
same, having seasonality of 52 weeks period. The decomposition of the time series depicting trends and 52-week
seasonality patterns is shown in Fig.2.

Decomposition of multiplicative time series

E

randomseasonal trend observed

05 200015 305 250 4 8
Ll 1

2014 2015 2016 2017 2018 2019
Time

Fig.2. Decomposition of time series plot of malaria incidence rate

Upon determining that the time series is non-stationary via the Augmented Dickey-Fuller (ADF) test (Table 1.), the
trend and seasonal components were eliminated by applying s"-order differencing (where s=52) difference (v LY =7)

of the time series. Post-transformation, the ADF test verified the stationarity of the time series (Table 2.).

Table 1. ADF test result (Pre-transformation)

Augmented Dickey-Fuller (ADF) Test
Dickey-Fuller = -3.143, Lag order = 0, p-value = 0.09783
Alternative hypothesis: stationary

Table 2. ADF test result (Post-transformation)

Augmented Dickey-Fuller Test

lag =52

Dickey-Fuller = -5.8828, Lag order = 0, p-value = 0.01
alternative hypothesis: stationary

B. Data Splitting

Before model fitting, the time-series dataset is divided into two parts viz. Training Part and Testing Part. The dataset
is partitioned into 75% training and 25% testing subsets, facilitating comprehensive model training and evaluation
processes. It facilitates the evaluation of the model's predictive capabilities on unseen data.

4.2. Model Fitting
A. SARIMA Model

Once the time series has been made stationary, the difference parameters (d) and (D) for the SARIMA (Seasonal
Auto-Regressive Integrated Moving Average) model are selected, as has already been done by the present authors in
several previous studies [58-59]. The seasonal parameters (P) and (Q) are then identified based on the patterns observed
in the sample autocorrelation function (ACF) and partial autocorrelation function (PACF) at various lags.

Using model selection criteria, viz., the Akaike information criterion (AIC), it is found that (1, 1, 2) as (p, d, q) and
(0, 1, 0) as (P, D, Q) come out to be the best combinations vide Table 3.

Among the various potential SARIMA models evaluated for the Malaria Incidence Rate time series, the model with
the lowest selection criterion value was determined to be optimal [60-61]. Subsequent iterations revealed the presence of
one non-seasonal autoregressive term (AR) and two non-seasonal moving average terms (MA), corresponding to p=1 and
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q=2, respectively. The parameters are determined by iterations with least AIC and BIC.

Table 3. Best SARIMA model

ARIMA (0,1,3)(1,L,1)[52] “Inf
ARIMA (0,1,2)(1,1,1)[52] - Inf
ARIMA (0,1,0)(0,1,0)[52] : 4757571
ARIMA (1,1,2)(1,1,1)[52] - Inf
ARIMA (1,1,0)(0,1,0)[52] : 460.4429
ARIMA (1,1,2)(0,1,0)[52] - 455.3975
Best model: ARIMA (1,1,2)(0,1,0)[52]

The forecasted values of the Incidence Rate data series are given in Fig.3., which clearly shows observed Incidence
Rate data series for the year 2018 lies within 80% confidence intervals and is close enough to the point forecast for the
year 2018.

Forecasts from ARIMA(1,1,2)(0,1,0)[52]

1A

2014 2015 2016 2017 2018 2019

10

Incedence Rate

Years

Fig.3. Time series plot (Training and predicted data)

B. Random Forest Model

Utilizing the ScikitLearn library in Python, a thorough exploration of the Random Forest model is conducted to
analyze the Malaria Incidence Rate dataset from January 2014 to December 2018, with strict adherence to rigorous
methodology and evaluation techniques. Moreover, hyperparameter optimization plays a pivotal role in enhancing model
efficacy. Through the application of the GridSearchCV technique, multiple hyper-parameters (Table 4.) are rigorously
fine-tuned, ensuring the model's optimal configuration.

Table 4. Hyperparameters used in random forest model

Hyperparameters Values
n_estimators (10, 17, 25, 33, 41, 48, 56, 64, 72, 80)
max_features (‘auto, 'sqrt', 'log2")
max_depth (2, 4, None)
min_samples_split (2.5)
min_samples_leaf (1,2)
bootstrap (True, False)

The best estimator across all searched parameters in the Random Forest Model is given in Table 5.

Table 5. Best estimators used for random forest model

RandomForestRegressor (‘bootstrap': True, 'max_depth': 2, 'max_features': 'auto', 'min_samples_leaf": 1, 'min_samples_split': 2,
'n_estimators': 1000)

The fitted Random Forest Model Architecture is given in Fig.4.
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Random Forest - Single Tree Visualization

lag_1 <= 1.889
squared_error = 4.156
samples = 101
value = 1.905

lag_1 <=1.033
squared_error = 0.316
samples = 66
value = 0.705

lag_1 <=4.078
squared_error = 2.53
samples = 35
value = 4.526

squared_error = 0.506
samples = 14
value = 3.158

squared_error = 0.202
samples = 18
value = 1.435

squared_error = 0.086
samples = 48
value = 0.434

Fig.4. Fitted random forest model tree architecture

The fitted Plot of the RF model (Fig.5.) is given below.

Comparison Original vs. Predicted training / test

81 — original value
— Training set prediction
7 —— Test set prediction

|.Rate
£
|

0 50 160 15;0 260
Fig.5. Original and predicted data plot after fitting random forest model

C. Support Vector Machine Model

The implementation of the SVM Regressor model over the Malaria Incidence Rate dataset is characterized by several
key steps, each contributing to the understanding of the model's performance. After data pre-processing, the Support
Vector Machine Regressor model is instantiated using Python’s Scikit-Learn library, ensuring robust and efficient model
development. Then, to optimize the model's hyperparameters, the GridSearchCV technique is leveraged, to systematically
explore a range of values for key parameters such as kernel types, gamma, epsilon, etc. (Table 6.).

Table 6. Hyperparameters used in support vector machine regressor model

Hyperparameters Values
kernel (‘poly",'sigmoid','rbf")
C (0.01,0.1,1,10)
gamma (0.01,0.1,1)
epsilon (0.01,0.1,1)
shrinking (True, False)

This approach enables the identification of the optimal combination of hyperparameters that maximizes the
performance of the model while minimizing computational overhead. The best estimator used across all searched
parameters in SVM Regressor Model are given below in Table 7.

Table 7. Best Estimators for support vector machine regressor model

SVR('C": 10, 'epsilon": 0.1, 'gamma': 0.01, 'kernel': 'tbf, 'shrinking': True)

The fitted time series model (Fig.6.) is given below.
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Comparison Original vs. Predicted training / test

81 —— original value
——— Training set prediction
7+ —— Test set prediction

|.Rate
-
1

o 50 100 150 200
Weeks

Fig.6. Original and predicted data plot after fitting support vector machine regressor model

Input Shape: (None, 1, 52) Cutput Shape: (Mone, 1, 50)

Input Shape: (Mone, 1, 50) Ouwtput Shape: (None, 50}

Input Shape: (None, 50}

Output Shape: (Mone, 1)

Fig.7. Fitted GRU model architecture

Table 8. GRU model training

Epoch 1/50

5/5 - 4s - 733ms/step - loss: 0.1246 - val_loss: 0.0635
Epoch 2/50

5/5 - 0s - 11ms/step - loss: 0.0537 - val_loss: 0.0248
Epoch 3/50

5/5 - 0s - 11ms/step - loss: 0.0386 - val_loss: 0.0178
Epoch 4/50

5/5 - 0s - 11ms/step - loss

Epoch 47/50
5/5 - 0s - 11ms/step - loss
Epoch 48/50
5/5 - 0s - 11ms/step - loss
Epoch 49/50
5/5 - 0s - 11ms/step - loss
Epoch 50/50
5/5 - 0s - 11ms/step - loss

:0.0270 - val_loss: 0.0132

:0.0066 - val_loss: 0.0079
:0.0065 - val_loss: 0.0077
:0.0064 - val_loss: 0.0076

:0.0067 - val_loss: 0.0081

U7
33

] - 1s 2ms/step

] - Os 3ms/step

Model: "sequential"

Layer (type) Output Shape Param #
gru (GRU) (None, 1, 50) 15600
gru_1 (GRU) (None, 50) 15300
dense (Dense) (None, 1) 51

Total params: 92855 (362.72 KB)
Trainable params: 30951 (120.90 KB)
Non-trainable params: 0 (0.00 Byte)
Optimizer params: 61,904 (241.82 KB)

D. GRU model

The GRU (Gated Recurrent Unit) model, employed in this study using the Keras library, consists of two GRU layers,
each with 50 neurons, followed by a Dense layer with a single neuron to output the predicted value (Fig.7.).

The model was optimized utilizing the Adam algorithm, with the training process guided by the Mean Squared Error
(MSE) loss function applied to the training dataset. The training involved 50 epochs with a batch size of 32. During
training, the model's performance was monitored on both the training and validation sets to ensure it was learning
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effectively without overfitting (Table 8.). To assess the generalizability of the model, its performance on the validation

set was monitored throughout the training process. The training loss, measured by MSE, decreased steadily over the

epochs, indicating that the model has been effectively learning from the training data. The validation loss followed a

similar decreasing trend, suggesting that the model was not overfitting and was generalizing well to the validation data.
The fitted GRU model based on the Malaria Incidence Rate is shown below in Fig.8.:

Comparison Original vs. Predicted training / test

84 — Original value
—— Training set prediction
74 —— Test set prediction

LRate
S

Fig.8. Original and predicted data plot after fitting GRU model
E. RNN-LSTM Model

In this study, The RNN-LSTM model is employed using the Keras library. Among various parameters of the LSTM
layer, values of some parameters, viz. units, activation functions, dropouts and return-sequence are modified while other
parameters use the default values.

The performance of the Adam and Stochastic Gradient Descent (SGD) optimizers is compared, utilizing their default
parameter settings. This study also examines the effects of various activation functions, including Rectified Linear Unit
(ReLU), Sigmoid, Exponential Linear Unit (ELU), and Hyperbolic Tangent (tanh), to evaluate and compare outcomes.
In addition, various epochs (100, 200, 500, and 1000) were used to evaluate results. Here, four hidden layers are employed,
with each hidden layer consisting of 50 units. The value of the batch size used here is 50 while the drop-out value of each
hidden layer used here is 0.2. The models are built using the variable and fixed parameters, following training on the
training data (Fig.9.). The generated models are then evaluated to identify the most accurate predictive model.

Input Shape: (None, 1, 52) Cutput Shape: (None, 1, 50)

Input Shape: (None, 1, 50) Cutput Shape: (None, 1, 50)
Input Shape: (Mone, 1, 50) Cutput Shape: (None, 1, 50)
dropout_1 (Dropout)

Input Shape: (Mone, 1, 50) Qutput Shape: (None, 1, 50)
Input Shape: (Mone, 1, 50) Cutput Shape: (None, 1, 50)
dropout_2 (Dropout)

Input Shape: (Mone, 1, 50) Output Shape: (None, 1, 50)
Input Shape: (None, 1, 50) Cwtput Shape: (None, 50}
dropout_3 (Dropout)

Input Shape: (None, 50) Output Shape: (None, 50)
dense (Dense)

Input Shape: (None, 50} Qutput Shape: (None, 1)

Fig.9. Fitted LSTM model architecture
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The fitted RNN-LSTM model over Malaria Incidence Rate is shown below in Fig.10.:
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Fig.10. Original and predicted data plot after fitting RNN-LSTM model

4.3. Forecasted Data

150

200

The predicted data (Table 9.) for each model along with the original incidence rate for 52 weeks of the year 2018
are given below.

Table 9. Original and predicted data values after fitting models

WEEK Iglé{gig\l‘t:[l‘i SARIMA RF SVM GRU LSTM
RATE REGRESSOR REGRESSOR
1 0.044444444 0.4508784 0.527075546 0.779732011 0.328191811 0.114397079
2 0.022222222 1.0171834 0.45772244 0.143274286 -0.114760102 0.022222222
3 0.088888889 0.7493818 0.441066095 0.006572284 -0.216621612 0.022222222
4 0.066666667 0.9380457 0.441066095 0.124750341 -0.07504714 0.022222222
5 0.111111111 0.8819843 0.441066095 0.11817158 -0.058684393 0.022222222
6 0.022222222 0.9173759 0.441066095 0.14577872 0.010445283 0.022222222
7 0.133333333 0.7321083 0.441066095 0.08022159 0.149006122 0.022222222
8 0.2 -0.854781 0.441066095 0.155786855 0.094785914 0.022222222
9 0.044444444 0.7439153 0.441066095 0.236795703 0.074980687 0.022222222
10 0.222222222 0.8693226 0.441066095 0.105573854 0.058076943 0.022222222
11 0.222222222 0.8600228 0.441066095 0.226281344 0.16400222 0.022222222
12 0.244444444 0.7327391 0.441066095 0.267067159 0.069296509 0.022222222
13 0.4 0.6176926 0.441066095 0.270186489 0.156549507 0.022222222
14 0.577777778 0.5535859 0.441066095 0.407747865 0.264422501 0.022222222
15 0.6 0.5963651 0.459054661 0.586165002 0.253659211 0.022222222
16 0.866666667 0.6641151 0.479597895 0.621904361 0.373344306 0.064566175
17 0.711111111 0.2411881 0.527907913 0.853129401 0.87076256 0.212468085
18 1377777778 0.3527577 0.495887507 0.752703716 0.97423621 0.41666753
19 0.644444444 0.3302372 1.351424255 1.326278662 1.202840657 0.731004734
20 1.488888889 0.4637646 0.576711553 0.763221046 1.094233011 0.880064554
21 1.666666667 -0.130305 1.351424255 1.391602504 1.344968889 1.095506196
22 1.955555556 0.1748316 1.566725818 1.735338304 1.386416204 1.188708895
23 2.644444444 0.2029996 2.449291726 1.998550515 1.640029576 1.380930278
24 1977777778 0.3585204 3.153193516 2.689848459 2.085024289 1.703236414
25 1.933333333 0.3363208 2.468278978 2.138152839 2.061543541 1.873591643
26 2.577777778 0.2918617 2.451593832 1.978103171 2311598261 2.063773566
27 24 0.269649 3.033490979 2.611675821 2.631535587 2.306096494
28 3.088888889 0.3140872 3.024337894 2.533334716 3.080622343 2.631534405
29 2.355555556 0.9363135 3.556880725 3.132287363 2.910999107 2.973759207
30 3511111111 1.8029775 2.880925524 2.539072642 2.819595062 3.172055468
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31 4.466666667 3.0696459 3.703238276 3.479990303 3.895774024 3.714281678
32 4.044444444 4.7807559 4.559385315 4.449032489 4.746511286 4.304604254
33 3.466666667 4.1363122 3.939059363 4.157996797 5.151571374 4.6868936

34 5.288888889 4.6029784 3.707244775 3.607318149 4.64227278 4.892932055
35 7.133333333 5.8696454 5.052003431 4.964259087 5.20338965 5.171258574
36 6.733333333 6.2474229 5.712630027 6.13959905 5.906517364 5.601425824
37 3.955555556 6.9807564 5.85760585 5.949500408 5.846286847 5.617376456
38 5.555555556 53363119 3.986350185 4.227203983 4.591715158 4.97858797
39 5911111111 6.4252008 5.183584958 4.817301599 4.536455855 4.819685496
40 5.866666667 4.647423 5.277760943 5.532639806 4.414338379 4.454423492
41 4.288888889 3.3140897 5.39500358 5.455382446 4.42691182 4.460083196
42 4.288888889 3.2029786 4.178172713 4.409483896 4.256921642 3.978282324
43 3.6 3.0696452 4.100696179 4.204770371 4.257112206 3.805651203
44 5.155555556 2.447423 3.76645054 3.754374294 3.409540766 3.28824158
45 2.822222222 2247423 5.051111733 4.870561461 3.301590754 3.2845549

46 2.8 4.6252008 3.489091445 3.144105044 2.994418142 2.699789889
47 2.333333333 3.0029786 3.517170336 2.81264788 2.591094644 2.234447268
48 1.733333333 2.3363119 2.874806577 2.471865657 2.061145154 1.811628081
49 3.066666667 0.7363119 1.625876925 1.836303404 1.822086876 1.448777208
50 1.844444444 0.8696452 3.554578619 3.019711336 1.501400297 1.146489512
51 1.044444444 0.6252008 1.632883412 2.066050789 1.373665203 0.809170669
52 1711111111 0.1970214 1.175234427 1.105297408 1.025837795 0.469559501

A consolidated chart showing Original Incidence Rate against forecasted data of each model is given below in Fig.11.

4.4. Residual Analysis

To determine any significant difference existing between the means of two groups of model performance-metrics
across models and to know how they are related, initially Student’s t-test (Paired t-test) and the one-way analysis of
variance (ANOVA) test may be conducted. But, t-Test and ANOVA results are insufficient to identify the best-performing
model due to their reliance on mean differences, failing to capture the variability or distributional differences in errors of
the models and the statistical assumptions (particularly normality and equal variances). To explore which specific group-
mean of error distributions in time series forecasting is different from which group, a post-hoc test may be done for some
reliable conclusions, though it’s not so simple because data may not meet the distributional assumptions of ANOVA. In
such case, a non-parametric test is performed, as an analog to one-way ANOVA. Non-parametric test allows to completely
drop normality assumptions about the residual distribution. Instead of testing whether the means of groups are equal or
not, it tests whether the entire distribution of values are generally in the same location or not.

The Kolmogorov-Smirnov (K-S) test, a non-parametric statistical method, is performed to assess whether the

residual series conforms to a specified distribution [ 7, : N ((),i) ] under the null hypothesis. This test is robust and does
g N
not assume a specific distribution for the data. The null hypothesis in the K-S test is accepted if the test statistic is below

the critical value, indicating that the residuals conform to the hypothesized distribution. Conversely, the null hypothesis
is rejected if the test statistic exceeds the critical value, suggesting a deviation from the specified distribution [62-63].
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Fig.11. Original and predicted data plot of each model

The parametric Box-Ljung Test is applied to evaluate the null hypothesis that residual data values are random and
independent up to a predetermined number of lags. This test is widely utilized for detecting autocorrelation in time series
data. The null hypothesis is accepted if the p-value exceeds a selected significance level, usually set at 0.05, suggesting
the absence of significant autocorrelation in the residuals. Conversely, if the p-value falls below the significance level,
the null hypothesis is rejected, indicating the presence of autocorrelation [64].

The results of both tests for each model are presented in Table 10. below.

Table 10. K-S Test and Box-Ljung test result for all models

Model Name K-S Test (p-value) Box-Ljung Test (p-value at lag=48)
Seasonal Auto-Regressive Integrated Moving Average 0.8533 0.6181
Random Forest Regressor 0.8128 0.3375
Support Vector Machine Regressor 0.6795 0.2357
Gated Recurrent Unit 0.5049 0.1334
RNN-Long Short-Term Memory 0.4458 0.4257

Table 10. shows that the p-values of the K-S test for all models are greater than 0.05 and hence at a 5% level of
significance the null hypothesis is accepted. Also, for the Box-Ljung test, p-values for all models are greater than 0.05,
which suggests that the data values of the residuals are random and independent up to a certain number of lags. Hence, it
can be said that the fitted models are adequately describing the Incidence Rate data series, without further search for any
modification of the fitted model.

4.5. Performance Evaluation of Models

As mentioned earlier, the performance of the models is evaluated using the Root Mean Squared Error (RMSE) score.
RMSE, being a robust measure of prediction error, provides insights into the magnitude of deviations between predicted
and actual Malaria Incidence Rates. The obtained RMSE score for each model indicates strong predictive accuracy, where
lower values suggest a closer fit between the predicted and actual values of the target variable.

The detailed comparison of RMSE scores of different Models is tabulated vide Table 11.

Volume 17 (2025), Issue 5 79



A Comparative Study of Statistical (SARIMA) Vis-A-Vis Some Traditional Machine-Learning and Deep-Learning
Techniques to Forecast Malaria Incidences in Kolkata of India

Table 11. Every model’s performance evaluation using RMSE score

Model Name RMSE Score MAE Score MAPE Score
Seasonal Auto-Regressive Integrated Moving 134 126 393.68
Average
Random Forest 0.88 0.71 173.80
Support Vector Machine Regressor 0.81 0.61 90.42
Gated Recurrent Unit 0.71 0.51 64.66
RNN-Long Short Term Memory 0.74 0.53 40.99

Among the models tested, the Deep Learning Models, both GRU and RNN-LSTM model performs admirably with
the lowest almost similar RMSE scores of 0.71 and 0.74 respectively, indicating the highest accuracy in predicting future
data points. The Support Vector Machine Regressor (SVM) model also performs well, with an RMSE of 0.81. The
Random Forest model, with an RMSE score of 0.88, stood fourth in terms of RMSE. The Seasonal Auto-Regressive
Integrated Moving Average (SARIMA) model, having the highest RMSE score of 1.34, shows the least accuracy among
the models in terms of RMSE. This suggests that SARIMA can explain the general trend and variability of the data but
lacks the precision in individual predictions the other models can achieve.

SARIMA performed the worst, with an MAE of 1.26 and a high MAPE of 393.68, indicating its inability to handle
the nonlinear complexities of malaria time series data. RF showed improvement with an MAE of 0.71 and MAPE of
173.80, reflecting its capability to manage variability. SVM further reduced errors (MAE: 0.61, MAPE: 90.42),
demonstrating better modelling of nonlinear patterns.

DL models outperformed traditional approaches. GRU achieved an MAE of 0.51 and MAPE of 64.66, showcasing its
ability to model temporal dependencies effectively. LSTM excelled with the lowest MAE (0.53) and MAPE (40.99),
owing to its memory cell structure that captures long-term dependencies.

These results suggest that while traditional methods like SARIMA are still useful, advanced ML and DL models,
particularly GRU and RNN-LSTM, may provide more precise and reliable predictions for time-series data. The lower
RMSE, MAE & MAPE scores of both models indicate better accuracy in individual predictions. Future research could
explore hybrid models and additional metrics to enhance predictive accuracy and reliability.

4.6. Discussions

LSTM incorporates three gates (input, forget, and output) and a memory cell to selectively retain relevant
information over long time horizons, allowing the model to overcome the vanishing gradient problem, common in
standard RNNs. GRU simplifies the architecture by combining the input and forgetting gates into an update gate while
retaining comparable performance (for smaller datasets, like the present research). GRU and LSTM, as specialized
Recurrent Neural Network (RNN) architectures, due to their unique gating mechanisms, are designed to handle sequential
data and capture long-term temporal (e.g., seasonal trends) dependencies effectively. The superior performance of GRU
and LSTM in this study may primarily be attributed to their architectural ability to capture temporal dependencies, to
inherently handle noise/ missing/ incomplete values (learning the relationships between sequential data points) and also
to model complex non-linear patterns.

In contrast, SARIMA, SVM, and RF are either limited by their reliance on stationary data processing (in comparison
to dynamic data processing in DL models), lack of capabilities in sequential modelling and/or face challenges in multi-
step forecasting. Moreover, GRU and LSTM can naturally handle multi-step forecasting by learning complex mappings
from historical data to future values. They generate predictions iteratively or for multiple steps simultaneously giving
them an edge over the traditional SARIMA model (having limitations in multi-step predictions and significant
performance degradation). SVM regressor can capture non-linear patterns but is not inherently designed for sequential or
temporal data, because SVM treats each data point independently, failing to leverage the sequential data structure
effectively. Also, hyper-parameters (e.g., kernel type, C, gamma) and scalability can become a bottleneck for larger
datasets for SVM. RF is an ensemble learning method based on decision trees, effective for non-linear relationships,
treating each observation as independent without explicit modelling of temporal dependencies in time-series data. RF
lacks the ability to extrapolate well, making it less suited for forecasting tasks, especially in capturing trends or seasonality.
Thus, in essence, the following attributes drive the superiority of GRU and LSTM over other models, viz., (a) Temporal
Feature Extraction, (b) Handling Non-Linear Relationships and (c) Scalability and Flexibility.

5. Conclusions and Future Scope

In conclusion, this research endeavors to advance the field of computational epidemiology by employing a
comparative analysis of different time-series forecasting models for malaria incidence rate, particularly focusing on the
innovative application of Deep Learning GRU and LSTM networks in contrast to the traditional SARIMA model. The
results elucidate the superior predictive performance of the Deep Learning models, as evidenced by consistently lower
RMSE values in forecasting weekly malaria incidence rates in Kolkata. Leveraging the capabilities of Deep Learning
models, their efficacies have been demonstrated in capturing intricate temporal patterns, offering a promising avenue for
enhanced disease forecasting in real-world scenarios. The methodology, integrating variable parameters such as activation
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functions, epochs, and window sizes, contributes further to the understanding of the adaptability of the model and
robustness in optimizing predictive accuracy. This study outcome not only emphasizes the practical utility of Deep
Learning in epidemiological forecasting but also advocates for its integration into public health management strategies
for more precise and timely interventions. However, recognizing the dynamic nature of patterns of infectious disease, this
study will certainly prompt future investigations into refining GRU and LSTM models, exploring additional parameters,
and expanding datasets to bolster the adaptability and generalizability of the concerned Models. Future studies are
contemplated with the incorporation of multi-region datasets and broader arrays of techniques to explore the
generalizability of the findings.

Time-series prediction usually employs one data property as both input and output, but correlating malaria incidence
with temporal and spatial factors requires multiple data series as input. As predicting complex temporal dependences
remains challenging even with state-of-the-art Machine Learning and Deep Learning algorithms, Time Series Forecasting
is still one of the most intricate problems in real-life scenarios.
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