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Abstract - The rising incidence of dengue fever in India
and other countries is a severe public health issue that is
being made worse by human migration and climate change.
This study examines several methods for predicting the
epidemiology of dengue fever from a One Health standpoint.

In order to integrate the larger environmental elements into
a thorough comprehension of the small-scale processes as
they impact disease incidence, this study examines how
machine learning techniques have been applied to it and
focuses on the risk factors for dengue in India. Given that a
variety of indicators can be used to forecast dengue
outbreaks, the best predictors have not yet been identified
through a large-scale comparison of several predictors over
broader geographic areas than those that have been
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Dengue fever is a rapidly spreading, mosquito-borne viral
illness that is mostly carried by female Aedes mosquitoes
[1,2], particularly A. aegypti, A. albopictus, and A. vitattus.
These illustrations are common ectoparasites that eat
blood in tropical regions. Over the course of the last 60
years, this zoonotic illness has moved from just 9 nations
experiencing severe epidemics to becoming endemic in
over 100 countries globally, including affecting non-
tropical or subtropical locations [4,5]. It originated in
African or Asian non-human primates 500-1000 years ago

3].

Moreover, the symptomatic condition [4] produced by its
four serotypes affects over 100 million people annually
[6]. Considering how much environmental changes affect
the spread of disease, the One Health concept is
desperately needed to integrate ecological, animal, and
human health. This work aims to shed light on methods

for developing One Health-based prediction models for the
future, primarily with reference to India but also with
applications world wide. Furthermore, especially for India
and other regions, the research offers insights into
methods that can be applied to prediction models in the
future. With their potential to transform public health and
epidemiology and provide fresh insights into dengue and
other infectious illnesses, techniques like machine
learning (ML) have seen an exponential surge in

popularity.

1.1 The Indian dengue scenario
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Chart-1: Rise in Dengue Cases

From 2015 to 2024, dengue cases and related deaths
increased, as seen in the chart (data for 2024 is up to
August). This is an in-depth explanation:

1. Cases of dengue (in millions):

Between 2023 and 2024, the number of dengue cases
increased from 5.27 million to 12.06 million, a notable
increase over the previous years.
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Dengue case trends are shown in the chart, with
significant peaks in 2019 (3.5 million cases), 2022 (2.9
million cases), and 2024.

2. Deaths Due to Dengue:

Additionally, dengue-related mortality have increased,
with a discernible uptick in recent years.6,991 deaths
were reported by August of 2024, which was a
considerable increase over previous years and a dramatic
increase from 4,502 deaths in 2023.

3. Analysis of Trends:

The data indicates deteriorating dengue epidemics, with
both cases and deaths showing a worrisome upward
trend. Urbanization, changing temperature conditions, and
insufficient vector control efforts are some of the possible
causes of this increase.

4. Cases and Deaths Comparison:

The mortality rate appears to be rising as both
measurements climb at the same time, even though the
number of cases in millions is far higher than the number
of fatalities. The data, which comes from WHO worldwide
Dengue Surveillance, emphasizes how urgently greater
prevention, early detection, and treatment strategies are
needed to counteract dengue's growing worldwide effect.

2. Dengue Control Through a One Health
Approach

A general trend over the past few decades has been the
vast geographical expansion of dengue fever worldwide,
which has given rise to a renewed interest in finding
crucial variables in disease transmission [7].
Comprehending  the intricate interplay = among
environment, human, and biological factors is crucial in
comprehending the trajectory of emerging infectious
diseases and its consequences for the public health domain
[9]. In this regard, the 2004 One World-One Health
program recommends a more transdisciplinary and
holistic approach as a worldwide tactic in the battle against
those infectious diseases [8], especially dengue fever in the
India. As a result, this new knowledge prompts us to adopt
a more comprehensive global health perspective on dengue
transmission scenarios. From this angle, the risk factors for
dengue fever can be divided into four basic categories. This
viewpoint allows us to categorize the dengue fever risk
variables into four basic groups according to the One
Health approach: (i) dengue serotypes, (ii) vector ecology,
(iii) human conditions, and (iv) environment (Figure.1)

Ecology of the vectors Mosquito life cycle
h 4 =
Serotypes Serotypes circulating
\ y 4
€ 0 Individual conditions
Human conditions S "
\_ D € Human behaviour )

Fig-1: Shows the four One Health groups into which
dengue fever risk factors are categorized: (i)  vector
ecology, (ii) serotypes, (iii) human conditions, and (iv)

environment.

The One Health framework is seen in Figure 1 along with
the following subcategories: (i) dengue serotypes; (ii) the
ecology of the vector (mosquito life cycle); (iii) human
conditions (individual conditions, socioeconomic factors,
educational attainment, human behavior); and (iv) the
environment (climatic circumstances, geographic factors,
demographic factors). To better understand each cofactor's
role in the existence and severity of the disease, these will
be utilized as guidelines.

3. Human Conditions
3.1 Socioeconomic Factors:

In terms of dengue fever transmission, novel techniques
based on various methodologies have offered crucial
insights into how the urban environment or social
network affects residents’ well-being [8] and how those
findings could direct tactics related to public health in the
battle against illness. Numerous studies carried out
globally reveal a robust correlation between the severity
of the disease and the lack of a public water supply [1, 16—
21]. Insufficient coverage of the water supply encourages
the use of man-made containers to retain water, which in
turn provides mosquito breeding grounds [22]. Ineffective
urban planning and development may be the cause of this
deficiency in sanitary services [16,21,23].

Moreover, some research supports the notion that
greater population density and a lower GDP per capita
could be predictive factors for the severity of dengue
fever. Poverty and inadequate public health care can be
caused by low per capita GDP. Other research discovered
that a high percentage of abandoned and vacant homes in
the neighbourhood, together with unsatisfactory housing
conditions, are risk factors for the illness [10]. Unplanned
urbanization, poor health infrastructure, ineffective
disease control programs, and inadequate or non-existent
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piped water and sewage services are the major pillars of a
marginalized society, and these conditions are frequently
the result of bad state administration [11,16].

3.2 Human Behavior

Consistent human actions, such as the neglect of
washing and bathing water containers, also raise the
possibility of dengue outbreaks globally. Because most
people keep their water storage containers uncovered,
these authors—who were working in India—found that
this unintentionally creates an ideal environment for
mosquito reproduction. The neighbourhood's surrounding
area's uncovered trash is another element influencing
human behaviour.

It's possible that precipitation will fill up discarded
garbage bottles, cans, plastic containers, and tires, creating
mosquito breeding grounds. In several other nations, like
Venezuela [20], Brazil [17,18], and Thailand, similar
dengue outcomes based on measurements of trash
surrounding the area have been confirmated. Seasonal
trends are significant in this context due to their impact on
human behaviours such as school schedules, vacations,
travel patterns, weekday or weekend activities, and
outdoor exposures, in addition to their influence on
climatic and environmental factors [13].

4.Environmental Factors
Climatic Factors:

Dengue fever is a climate-sensitive disease, with
temperature, humidity, and rainfall being important
drivers, as evidenced by numerous research that link
outbreaks of the disease to climatological parameters
[1,14,15,19]. Further research is necessary to fully
comprehend the immediate and long-term impacts of
those environmental variables, even if the seasonal
pattern of dengue fever has been extensively explained in
terms of climatic parameters [13]. Furthermore, several
specialists advise creating models centered on regional or
local contexts as opposed to broader global models to
improve the forecast sensitivity for dengue outbreaks .

Increasing ambient temperature decreases mosquito
larval size, which results in smaller developed adults that
eat blood more quickly. This is just one way that warmer
temperatures influence the disease's spread. As such,
these adults need more blood in order to provide nutrition
for their eggs [1]. Second, changes in climate have made
places that were previously thought to be unsuitable for
the growth of mosquito populations better, or even ideal.

5. Machine Learning
Predictive Applications

in India for Dengue

Machine Learning Overview:

The review of ML-based epidemiological predictive
modelling carried out in the India region is the main focus
of this work. A brief summary of machine learning ideas is
presented in this section, followed by a review of applied
machine learning studies on dengue disease, with a focus
on predictive model applications to epidemics. Recent
advances in Big Data and Artificial Intelligence (Al) have
led to these disciplines becoming increasingly recognized
as scientific disciplines across various study domains.
Computerized systems capable of intelligent behavior are
referred to as artificial intelligence (AI) .

Supervised learning is the first of three learning
approaches used in machine learning. It trains the model
using inputs and outputs that are known. The second type
of learning is called unsupervised learning, which occurs
when a system attempts to learn without any prior
knowledge and discovers innate structures or hidden
patterns in the data. In conclusion, intelligent agents or
Reinforcement Learning systems have the ability to
monitor their surroundings, operate in the background,
and receive reinforcement in return. The learning types
commonly used in machine learning (ML) are diagrammed
in Figure 2 along with the related applications.

—  Classification
opo| | Supervised
< Learning
c — Regression
S
©
3 = Clustering
g _
= Unsupervised o
= Learning Association
U L
g Reinforcement Dimension
L Learning Reduction

Fig-2.: Machine learning often uses a variety
of learning methods.

The many frameworks available for ML use include
interfaces, libraries, or tools that make it simple to build
ML models. Among the most popular machine learning
frameworks are: TensorFlow is an open-source machine
learning library created by Google; PyTorch is an open-
source cloud platform utilized by IBM and Facebook; (iii)
MatLab (MathWorks) is a for-profit platform for
programming and numerical computation that offers a
range of Toolboxes for creating and executing ML and DL
models; (iv) Scikit-learn is a free machine learning library
for the Python programming language.
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Fig-3: General workflow for ML project

The process depicted in figure 3 is typically followed in
an ML project. The picture shows a general, step-by-step
process for a machine learning (ML) project, including
data collection, preprocessing to clean and organize the
data, feature selection to identify relevant attributes for
modelling, data splitting into training and testing sets,
iterative training of various ML models to identify the best
model, evaluation of the models based on performance
metrics, and integration of the best model into a
production system for predictions. This process
guarantees that the model selected can produce
dependable results in real-world applications and that it
generalizes well.

[ Output layer ]

Input layer

(Hidden layer ]

Fig- 4: General architecture of an ANN.

A network of interconnected nodes called an artificial
neural network is comparable to the enormous network of
neurons found in a human brain. They are a model that
was influenced by how the human brain works. An
artificial neural network (ANN) is designed as follows: (i)
the input layer accepts input data and forwards it to the
first hidden layer; (ii) the hidden layers use the inputs to
execute mathematical computations; and (iii) the output
layer delivers the predicted value. This is illustrated in
Figure 4.

5.1 Machine Learning Utilized for Dengue in India

More recently, machine learning (ML) has been applied to
research dengue fever at various stages of the disease or
for prognostic purposes. Three key study areas were
found in a systematic review of studies using machine
learning (ML) to model dengue fever [12]. Utilizing signs
and symptoms is crucial for constructing models that
address the diagnosis and severity of the condition, which
can be addressed by these modelling approaches.
Therefore, they are known as models of prescription;
secondly, models of epidemics are produced by analyzing
the severity of dengue in a particular population; these
models are utilized for forecasting purposes; and lastly,
models of intervention are created, which comprise the
optimization.

But according to a study, no model can be fully adopted for
predicting outbreaks of mosquito-borne diseases (MBD),
primarily because none of the models can fulfil all the real-
world requirements. The primary limitation, as stated by
the authors, arises from an inadequate and unstructured
set of information, as well as from the absence of open-
source material available online and insufficient data that
is currently available. With the Entomological Index
component, an improved framework 1is therefore
suggested in the literature assessment of the MBD
epidemic prediction framework in America. Additionally,
ML is used to improve the forecast of future MBD
outbreaks.

Table -1: Most widely used machine learning approaches
for forecasting [23].

Abbreviation Name of ML Technique
LoR Logistic Regression

RF Random Forest

LiR Linear Regression

GAM Generalized Additive
Model

GLM Generalized Linear

DT Decision Trees

SVM Support Vector Machines
ANN Artificial Neural Networks
GBM Gradient Boosting Machine
KNN K-Nearest Neighbors

BRT Boosted Regression Trees

Certain studies concentrate only on machine learning
methods for dengue prediction in the Americas; multiple
studies assess the relative merits of various predictive
machine learning approaches. Using a neural network
model based on Long Short-Term Memory (LSTM) to
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forecast future dengue cases, is one of the more intriguing
examples. Between 2016 and 2019, a weekly set of data
were gathered from 397 ovitraps located throughout the
municipality of Natal, Brazil, to determine the dengue
incidence and the Egg Density Index. When dengue cases
from prior weeks were used to predict dengue incidence,
the LSTM models and ovitrap data forecasts demonstrated
a goodness-of-fit indicated by correlation coefficients of
0.92 and 0.87, respectively. The findings demonstrated
that an earlier dengue prediction was made possible by
ovitrap data.

Dengue fever epidemics in Yucatan, Mexico, and San Juan,
Puerto Rico, were predicted using artificial neural
networks. The information gathered correlated with six
years of dengue cases in Mexico and 19 years of infections
in Puerto Rico. Environmental and demographic
information was incorporated into the analysis, including
population sizes, dengue case epidemiology data, air
temperature, humidity, precipitation, and sea surface
temperature. In each area, the authors used two models:
one to assess the size of the vulnerable population and the
other to forecast occurrence. They were able to anticipate
with above 70% accuracy.

In a different study, the authors used data from 2010 to
2014 to predict the rates of dengue fever (DF) and dengue
hemorrhagic fever (DHF) in urban areas of Rio De Janeiro,
Brazil, using street-level images, such as those from
Google Street View, processed by convolutional neural
networks (CNN). Furthermore, the authors assessed both
deep and simple Siamese CNN architectures and compared
the outcomes with both models. The results of the study
showed that identifying DF/DHF hot spots in urban areas
may be advantageous when doing so with deep CNNs and
street-level imagery.

Table -2: Lists potential interventions for dengue
epidemics that address the behavior, physiology, habitats,
and epidemiological significance of yellow fever.

Mosquito Diversity

Species richness Total number of species
sampled at each sampling

. . oint.
Shannon-Wiener index p

Measure of species
diversity weighted by the
relative abundance.

Functional richness (FRic) Represents the quantity of

functional space filled by
the community, where low
FRic implies that some
resources are unused or
unavailable in the

Functional evenness ecosystem.

(FEve)

Functional divergence
(FDiv)

Functional dispersion
(FDis)

Haemagogus relative
abundance

Haemagogus minimum
infection rate (MIR)

Describes the distribution
of abundance in a
functional space of traits,
where low FEve indicates
that some parts of the
functional niche are
underutilized.

A measure of the functional
similarity among the
dominant mosquito species
of a community. FDiv is
high when the most
abundant species have
extreme functional trait
values.

A multivariate measure of
the dispersion of mosquito
species in the trait space
represents the mean
distance of species to the
centroid of the community,
weighted by mosquito
species abundance.

The number of
Haemagogus mosquitoes is
divided by the number of
mosquitoes collected at
each sampling point.

Represents the minimum
number of infected
mosquitoes, assuming that
only one was infected in
each positive mosquito
pool. It was calculated for
each sampling point using
the formula MIR = number

of YFV-positive.

Ecological Indexes

Environment of Mosquito
sampling, inside the forest

Rural fragment

Rural peri-domicile
Urban fragment
Urban intra-domicile

Vertical distribution in the
forest

Within dense forests
connected to other forests.

Within forests smaller than
100 hectares and
surrounded by pastures.

Around homesteads and
country houses.

Within forests inside cities.

Within human houses
inside cities.
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Geo-Environmental Indexes

Altitude, landcover/land use, forest fragment
size.Normalized Difference Vegetation Index (NDVI).

Functional Diversity

Physiology Egg resistance to larval
development speed.
Habitats Seasonal distribution;
primary habitat.
Epidemiological Epidemiological importance
Importance concerning disease.
Behavior Main hourly biting activity;

Lastly, even though the goal of the current study was to
apply machine learning to dengue fever outbreaks, the
comprehensive approach offers a chance to draw lessons
from other infectious diseases spread by vectors, like
yellow fever [25]. Thus, in order to forecast regions that
are susceptible to yellow fever outbreaks, our study used a
comprehensive set of entomological data as well as
landscape composition. Table 2 lists the measures
pertaining to behavior, physiology, habitats, and
epidemiological significance at each sampling point.

6. CONCLUSIONS

Applying machine learning (ML) techniques to dengue
outbreak prediction has proven to be a useful strategy for
addressing public health issues in India. By utilizing
models like artificial neural networks (ANNs) and data-
driven frameworks, ML can analyse a variety of factors
that influence dengue transmission, such as
environmental, behavioural, and epidemiological data.
These techniques improve the ability to forecast
outbreaks, enabling timely interventions and resource
allocation. However, the successful application of ML for
dengue prediction depends on the availability of high-
quality, comprehensive datasets and the appropriate
adaptation of models to local contexts. Although
promising, these systems still have some drawbacks, such
as the complexity of real-world data and the requirement
for domain-specific customizations.

Future developments in machine learning technology,
when paired with stakeholder collaboration, have the
potential to further increase the accuracy and efficacy of
dengue epidemic prediction and control.
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