© May 2025 | JIRT | Volume 11 Issue 12 | ISSN: 2349-6002

Geo-Environmental Modeling and Machine Learning-
Based Forecasting of Dengue Transmission Dynamics

S. Akshaya Shree!, R. Sandhiya?, A. Shayan Rasool® Dr.V. Nivedita®*
123 UG Scholar, SRM Institute of Science and Technology, Ramapuram, Chennai, India
*Assistant Professor, SRM Institute of Science and Technology, Ramapuram, Chennai, India

Abstract—Dengue fever, transmitted by the Aedes aegypti
mosquito, continues to pose an escalating public health
threat in tropical and subtropical regions worldwide.
Traditional surveillance systems reliant on manual
reporting and reactive control measures have proven
inadequate in addressing the rapid emergence and
geographic expansion of dengue outbreaks. To combat
this challenge, the proposed study introduces a machine
learning-based framework capable of forecasting dengue
outbreaks using integrated environmental, climatic, and
epidemiological data.

By harnessing large-scale historical datasets—including
meteorological variables (temperature, humidity,
rainfall), population density, sanitation levels, and dengue
case records—the model identifies underlying patterns
correlated with outbreak occurrences. The system
implements supervised learning techniques such as
regression models, decision trees, CatBoost, and neural
networks, transforming raw inputs into actionable
insights  through  data  preprocessing, feature
transformation, and model training. The use of predictive
analytics enables the identification of high-risk
geographic zones and timeframes, facilitating early
warnings, efficient allocation of health resources, and
targeted interventions by public health authorities.

The model architecture incorporates real-time data
integration and automated feature engineering, allowing
it to adapt dynamically to changing epidemiological
trends. Extensive model validation using cross-validation
and performance metrics such as accuracy, precision,
recall, and Fl-score confirms the system’s robustness.
This paper not only contributes to the development of
intelligent healthcare surveillance systems but also
reinforces the role of artificial intelligence in enhancing
epidemiological preparedness and reducing the impact of
vector-borne diseases on vulnerable populations.

Index Terms—Dengue Fever, Machine Learning,
Predictive Modeling, Outbreak Forecasting,
Epidemiological Surveillance, Climatic Data, Health
Informatics, Real-Time Monitoring, Public Health
Analytics, Feature Engineering
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I. INTRODUCTION

Dengue fever is a rapidly spreading, mosquito-borne
viral disease that afflicts millions annually, particularly
across tropical and subtropical regions. The principal
vector, Aedes aegypti, breeds in stagnant water and is
highly sensitive to environmental and climatic factors
such as temperature, humidity, and rainfall. The
disease's clinical manifestations range from mild flu-
like symptoms to severe and potentially fatal conditions
like dengue hemorrhagic fever (DHF) and dengue
shock syndrome (DSS). With over half of the world's
population at risk and no definitive antiviral treatment
or universally available vaccine, proactive strategies to
predict and prevent outbreaks are critically needed.
The rise in dengue transmission can be attributed to a
combination of urbanization, inadequate sanitation,
climate variability, and global travel, which
collectively increase the mosquito's breeding grounds
and facilitate rapid virus spread. Existing surveillance
systems that rely on manual health data reporting,
hospital admissions, and field surveys often suffer from
delays, underreporting, and a lack of real-time
adaptability, severely undermining the effectiveness of
public health response strategies.

To address these limitations, this study proposes a
machine learning-based dengue prediction system that
leverages historical and real-time datasets to forecast
potential outbreaks. By integrating environmental
(temperature, rainfall, humidity), epidemiological
(previous case counts), and demographic (population
density, urbanization level) data, the system learns
patterns associated with outbreak events. The resulting
predictions enable health authorities to anticipate and
mitigate disease spread through timely interventions
such as targeted fumigation, public awareness
campaigns, and resource mobilization.

Machine learning models, particularly those involving
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ensemble methods and neural networks, offer
significant advantages over traditional statistical
approaches. They can handle non-linear relationships,
identify hidden correlations, and dynamically update
predictions as new data becomes available. This study
not only presents the development and evaluation of
such a model but also emphasizes its practical
implications for real-world health surveillance and
emergency response planning. By adopting an Al-
driven approach to dengue prediction, this research
contributes toward smarter, more responsive, and data-
informed public health systems.

Il. RELATED WORK

A. Existing System

Dengue surveillance has traditionally relied on passive
monitoring systems, such as manual reporting from
hospitals and health centres, centralized government
registries, and field surveys conducted by public health
officials. While these conventional approaches have
formed the backbone of public health response
mechanisms in dengue-endemic regions, they come
with significant limitations in scalability, timeliness,
and predictive accuracy.

A typical traditional system uses weekly case data
submitted by hospitals, which is aggregated and
analyzed retrospectively. These systems often involve
bureaucratic delays, inconsistencies in reporting
formats, and geographic disparities in data availability.
In many developing countries, especially in parts of
South and Southeast Asia, Africa, and Latin America,
surveillance is further complicated by underreporting,
due to inadequate access to healthcare facilities and
lack of awareness.

Statistical models, such as autoregressive integrated
moving average (ARIMA), logistic regression, and
spatial interpolation methods have been deployed to
interpret trends and estimate outbreaks. However, these
techniques often assume linearity and fail to account for
dynamic environmental or socioeconomic variables
that significantly influence mosquito populations and
virus transmission. For example, temperature and
humidity affect mosquito lifespan and reproduction
rates, while rainfall patterns determine breeding ground
availability. Most traditional models are not robust
enough to incorporate such non-linear, interdependent
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variables.

Moreover, systems like IDSP (Integrated Disease
Surveillance Programme - India) or PAHO’s (Pan
American Health Organization) Dengue Network
operate on large data volumes but still fall short in
predictive utility due to static modelling and lack of
machine learning implementation. In some places,
early warning systems are partially implemented, but
without real-time analytics, these systems can merely
track—not anticipate—an outbreak.

Critical Disadvantages of Existing Systems:

o Delayed outbreak detection: Usually after
widespread transmission has begun.

e Manual and fragmented data inputs: Vulnerable to
errors and delays.

o  Geographic and demographic bias:
Underrepresented populations may go unnoticed.

e No predictive component: Focuses only on past
cases.

e No integration of climate and environmental
dynamics: Omits crucial mosquito ecology factors.

Thus, existing systems can help monitor current

conditions but fail at prediction, making them

inefficient for pre-emptive public health action.

B. Literature Survey

This section summarizes notable prior research efforts
and academic contributions that have explored the
intersection of dengue prediction, environmental
monitoring, and machine learning techniques. Each
work cited below highlights a specific limitation or
contribution that has shaped the need for a more
holistic, data-driven approach as proposed in this
research.

[1] Ngiam, K. Y., & Khor, W. (2019)

Title: Big Data and Machine Learning Algorithms for
Healthcare DeliveryJournal: The Lancet Oncology,
Vol. 20, Issue 5, pp. e262—e273

This paper discusses the integration of big data
analytics and machine learning in healthcare, with
specific emphasis on real-time diagnostic systems and
resource optimization. The authors explore the
application of decision trees, ensemble learning, and
gradient boosting in predicting disease patterns.
Although their primary focus was on cancer detection,
the methodology is highly adaptable to infectious
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disease surveillance like dengue. However, the work
lacked integration of environmental variables like
rainfall or humidity, which are essential in vector-borne
diseases.

Relevance: Inspires the use of scalable ML architecture
for dynamic, real-time disease prediction systems.

[2] Sheridan, R. P., et al. (2016)

Title: Extreme Gradient Boosting as a Method for
Quantitative Structure—Activity Relationships

Journal: Journal of Chemical Information and
Modeling, 56(12), pp. 2353-2360

This research applies XGBoost—a state-of-the-art
gradient boosting algorithm—to chemical and
biological data, achieving high accuracy even with
noisy, high-dimensional inputs. While the study is not
directly related to epidemiology, it establishes a
methodological basis for using XGBoost in prediction
problems involving non-linear, interdependent
variables. The approach is transferable to the problem
of predicting dengue outbreaks where climatic and
demographic variables interact complexly.

Relevance: Validates XGBoost as a reliable ML
algorithm for complex feature environments similar to
dengue datasets.

[3] Majumder, G. (2019)

Title: Analysis and Prediction of Consumer Behaviour
on Black Friday Sales

Journal: Journal of the Gujarat Research Society,
21(10s), pp. 235-242

Though this paper centers on consumer behavior, its
machine learning framework—built on real-time sales
prediction and population demographics—
demonstrates effective handling of large-scale temporal
data. It uses decision trees and time-series forecasting
models that mirror the epidemiological forecasting
methods used in health domains. A notable limitation
was the exclusion of external environmental factors,
such as economic shifts or seasonal trends, which
parallels the exclusion of climatic variables in many
health surveillance models.

Relevance: Highlights population-based predictive
modelling but lacks multidimensional feature
inclusion—something this project addresses.

[4] Domingos, P. (2012)

Title: A Few Useful Things to Know About Machine
Learning
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Journal: Communications of the ACM, 55(10), pp. 78—
87This

foundational paper provides a theoretical framework
for machine learning, focusing on overfitting, feature
selection, model generalization, and the "no free lunch"
theorem. It addresses practical aspects of training
models on real-world data, such as balancing bias and
variance and evaluating algorithms in dynamic
contexts. Although not specific to dengue or disease
modelling, the guidelines provided directly inform the
best practices used in building the system presented in
this research.

Relevance: Shapes the theoretical framework behind
model evaluation, feature transformation, and
performance tuning.

[5] Correia, A., Peharz, R., & de Campos, C. P. (2020)
Title: Joints in Random Forests
Conference: Advances in Neural
Processing Systems (NeurlPS), Vol. 33
This paper explores interpretability in ensemble models
like random forests, introducing a framework that
shows how variable interactions contribute to decision-
making. Such transparency is crucial in healthcare
models, where interpretability and trust are as
important as accuracy. Their method allows the
decomposition of predictions into understandable
rules—a key requirement when health officials need to
understand and act on outbreak forecasts.

Relevance: Strengthens the argument for using
explainable Al models in dengue prediction to support
actionable public health policies.

Information

I11. PROPOSED SYSTEM

The proposed system is an intelligent, machine
learning-based dengue prediction framework that
addresses the inefficiencies of  conventional
surveillance systems by offering real-time, data-driven
outbreak  forecasting. Built upon a modular
architecture, the system integrates data science,
artificial intelligence, and epidemiology to proactively
identify high-risk regions and timeframes. This enables
health authorities to implement preventive measures,
optimize resource allocation, and minimize the socio-
economic burden of dengue outbreaks. The system is
logically structured into five interconnected stages,
each contributing to the overall reliability and
performance of the predictive model.
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1. Data Acquisition and Integration

The first and most fundamental component of the
proposed system involves the systematic collection and
integration of diverse datasets. These datasets include
historical dengue case records obtained from health
departments, hospitals, or centralized epidemiological
surveillance agencies. Additionally, meteorological
data—comprising  temperature,  humidity, and
rainfall—are sourced from live weather APIs and
satellite data repositories. The system also incorporates
socio-demographic and environmental indicators such
as population density, sanitation conditions,
urbanization levels, and potential mosquito breeding
zones. By unifying data from multiple dimensions, the
system captures a holistic view of the conditions
conducive to dengue transmission. This integration is
performed with geotagging and time-stamping to
support spatial-temporal modelling, enabling precise
forecasting at a city, district, or even ward-level scale.

2. Data Preprocessing and Feature Engineering
Following acquisition, the data is subjected to an
extensive preprocessing phase to ensure its quality,
uniformity, and compatibility with machine learning
algorithms. Raw data often contains noise, missing
values, and inconsistencies, which can severely impact
model performance if left unaddressed. Therefore, the
system applies cleaning techniques such as null value
imputation, outlier detection, and data transformation.
Units are standardized (e.g., converting all rainfall
measurements to millimeters), and categorical data is
encoded appropriately. To optimize computational
efficiency, irrelevant or redundant features are
eliminated through correlation analysis and domain
expert input.

In parallel, the system performs advanced feature
engineering to derive new attributes from the raw
inputs. Examples include the computation of moving
averages for climatic variables, lag-based features
representing past dengue case trends, and calculated
indices like the mosquito reproduction potential based
on humidity and temperature thresholds. This
transformation not only enriches the data but also
allows the models to detect hidden patterns and inter-
variable relationships that are crucial for accurate
predictions. Dimensionality reduction methods such as
Principal Component Analysis (PCA) are used
selectively to enhance model interpretability without
sacrificing accuracy.
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3. Predictive Modelling and Training

Once the dataset is fully prepared, the predictive
modelling phase begins. Multiple machine learning
algorithms are employed to build a robust ensemble
system that is both accurate and interpretable. The
primary models include Decision Trees for
transparency, Random Forests for ensemble-based
voting accuracy, and Gradient Boosting algorithms
such as XGBoost and CatBoost for their high predictive
performance and resilience to overfitting. These
algorithms are trained using the processed dataset, with
stratified sampling ensuring a balanced representation
of outbreak and non-outbreak instances.

Each model is trained using a standard machine
learning pipeline involving cross-validation and
hyperparameter tuning. Techniques like Grid Search or
Bayesian Optimization are used to identify optimal
configurations for depth, learning rate, number of
estimators, and regularization parameters. Performance
is measured using key classification metrics such as
Accuracy, Precision, Recall, F1-Score, and Area Under
the Curve (AUC), ensuring the model is evaluated both
globally and per class. The best-performing models are
retained, and model stacking or voting classifiers are
employed to further enhance predictive stability.

4. Real-Time Prediction and Visualization

One of the distinguishing features of the proposed
system is its ability to process real-time data streams
and deliver immediate predictive outcomes. With API
integrations and automated scripts, the model fetches
live weather data and updates its prediction pipeline at
scheduled intervals (e.g., hourly or daily). These
predictions are then mapped geographically using
visualization libraries and integrated GIS tools. The
output includes heatmaps indicating dengue-prone
zones, trend graphs showing expected outbreak curves,
and dashboards that summarize risk levels for specific
locations.

These visual outputs are tailored for use by public
health officials, policymakers, and emergency response
teams. The system's front-end can be deployed as a
web-based dashboard, mobile application, or
embedded into existing government surveillance
platforms. Alerts can be configured to trigger when risk
scores cross defined thresholds, enabling rapid
intervention such as fogging, community awareness
drives, or emergency medical preparation in the
predicted hotspots.
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5. Future Scalability and Enhancement

Beyond its current capabilities, the proposed system is
designed with future extensibility in mind. As more
granular datasets become available—such as real-time
mosquito vector population data, viral serotype
circulation reports, and mobility patterns—the system
architecture allows for seamless integration.
Additionally, the framework is compatible with
advanced Al methodologies such as Federated
Learning, which enables decentralized model training
across multiple regions while preserving data privacy.
Another potential enhancement is the inclusion of
Explainable Al (XAI) components, which can provide
health officials with clear justifications for each
prediction, increasing trust and transparency.
Furthermore, the system can be adapted to predict other
vector-borne diseases like chikungunya or Zika by
modifying the feature set and retraining the models.

IV. RESULTS AND DISCUSSION

The evaluation of the proposed dengue prediction
system  was  conducted  through rigorous
experimentation using a diverse dataset that included
historical case records, weather conditions, and
environmental indicators. After extensive
preprocessing and feature engineering, several machine
learning models were trained, tested, and benchmarked
against each other to determine the most effective
configuration for accurate outbreak forecasting. These
models included Decision Trees, Random Forests,
Logistic Regression, and advanced ensemble
techniques such as CatBoost and XGBoost. Among all,
the CatBoost classifier consistently outperformed the
others, demonstrating both high accuracy and
computational efficiency in handling categorical data
without requiring complex encoding.

To validate the reliability and robustness of the system,
the dataset was split into training and testing sets using
stratified k-fold cross-validation. The key performance
metrics used for evaluation were Accuracy, Precision,
Recall, F1-Score, and Area Under the Receiver
Operating Characteristic Curve (AUC-ROC). The
CatBoost model achieved an average accuracy of
92.5%, precision of 90.8%, recall of 91.4%, and an F1-
score of 91.1%, indicating excellent balance between
false positives and false negatives. These results were
significantly higher than baseline models like logistic
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regression and simple decision trees, which struggled
to capture complex nonlinear patterns inherent in the
multidimensional dengue dataset.

The system’s effectiveness was further supported by
the use of feature importance analysis, which revealed
that humidity, rainfall lag features, and population
density were the top three contributors to outbreak
likelihood. This insight aligns well with known
scientific literature, reinforcing the biological
plausibility of the model. Interestingly, temperature
showed a stronger influence when interacting with
humidity, indicating the importance of feature
combinations or interactions, a characteristic that
ensemble methods like CatBoost are well-equipped to
capture.

In practical terms, the trained model was deployed into
a real-time dashboard environment, where predictions
were mapped geospatially to produce heatmaps
indicating high-risk zones. These visual outputs
provided clear, localized forecasts, enabling public
health officers to visualize risk gradients across
different regions. The heatmaps were supplemented
with trend lines showing predicted versus actual case
volumes over time, highlighting the system’s ability to
capture seasonal patterns and emerging hotspots.
Importantly, the model was able to detect upcoming
outbreaks 2—-3 weeks in advance, which is a critical lead
time for deploying preventive measures such as
fumigation drives, community outreach, and hospital
readiness.

A comparative analysis with traditional surveillance
methods illustrated the superiority of the proposed
system. While conventional approaches often lagged
due to manual reporting and static models, the machine
learning-based framework could continuously update
its predictions using streaming data. Furthermore, the
inclusion of real-time climatic parameters meant that
the model remained adaptive to environmental
fluctuations—an essential feature given the increasing
volatility in weather patterns due to climate change.

In terms of limitations, the system currently assumes
the accuracy of input data sources and is dependent on
consistent availability of real-time weather data. In
regions where digital infrastructure is weak or
inconsistent, data lags can affect prediction timeliness.
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Additionally, while the model is effective at forecasting
outbreak risks, it does not yet incorporate behavioral or
mobility data, which could improve accuracy in urban
settings where human movement significantly
influences viral spread. These limitations provide
opportunities for future enhancements, such as
incorporating mobile GPS data or social media trends
related to public health behavior.

In conclusion, the results strongly affirm that the
integration of machine learning, environmental
intelligence, and real-time processing creates a
powerful tool for early dengue outbreak detection. The
proposed system not only achieves superior predictive
performance but also offers interpretability and
actionable insights through visual analytics. Its
deployment can significantly transform how health
agencies approach dengue control—shifting the focus
from crisis response to strategic prevention. With
additional datasets and continuous learning, the model
holds promise for expansion into predicting other
vector-borne diseases, ultimately contributing to a
resilient and Al-driven public health infrastructure.

REFERENCES

[1] K. Y. Ngiam and W. Khor, “Big data and machine
learning algorithms for health-care delivery,” The
Lancet Oncology, vol. 20, no. 5, pp. €262—e273,
2019.

[2] R. P. Sheridan, J. Zorn, E. R. Sherer, S. J.
Campeau, and A. N. Blagg, “Extreme gradient
boosting as a method for quantitative structure—
activity relationships,” Journal of Chemical
Information and Modeling, vol. 56, no. 12, pp.
2353-2360, 2016.

[3] G. Majumder, “Analysis and prediction of
consumer behaviour on Black Friday sales,”
Journal of the Gujarat Research Society, vol. 21,
no. 10s, pp. 235-242, 20109.

[4] P. Domingos, “A few useful things to know about
machine learning,” Communications of the ACM,
vol. 55, no. 10, pp. 78-87, 2012.

[5] Correia, R. Peharz, and C. P. de Campos, “Joints
in Random Forests,” in Advances in Neural
Information Processing Systems (NeurlPS), vol.
33, 2020.

[6] W.Chuand G. P. Zhang, “A comparative study of
linear and nonlinear models for aggregate retail

IJIRT 177085

sales forecasting,” International Journal of
Production Economics, vol. 86, no. 3, pp. 217-231,
2003.

[7] S. Makridakis, S. C. Wheelwright, and R. J.
Hyndman, Forecasting: Methods and
Applications, 3rd ed., John Wiley & Sons, 2008.

[8] O.M. Kvalheim et al., “Determination of optimum
number of components in partial least squares
regression from distributions of the root-mean-
squared error obtained by Monte Carlo
resampling,” Journal of Chemometrics, vol. 32, no.
4, 2993, 2018.

[9] S.Beheshti-Kashi, H. R. Karimi, K. D. Thoben, M.
Latjen, and M. Teucke, “A survey on retail sales
forecasting and prediction in fashion markets,”
Systems Science & Control Engineering, vol. 3,
no. 1, pp. 154-161, 2015.

[10]O. Smith and T. Raymen, “Shopping with
violence: Black Friday sales in the British
context,” Journal of Consumer Culture, vol. 17, no.
3, pp. 677-694, 2017.

[11]P. Langley and H. A. Simon, “Applications of
machine  learning and rule induction,”
Communications of the ACM, vol. 38, no. 11, pp.
54-64, 1995.

[12]Machine Learning Mastery, “A  Gentle
Introduction to XGBoost for Applied Machine
Learning,” [Online]. Available:

https://machinelearningmastery.com/gentle-
introductionxgboost-applied-machine-learning.
Accessed: Sept. 20, 2020.

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 1514



