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Abstract

Waterborne disease outbreaks pose ever-present threats to public
health, especially in less developed areas where clean water and
sanitation facilities are yet to be made available. Predictive modeling
using machine learning and Al has come to be regarded as a crucial
instrument in early detection and prevention. This review
comparatively analyzes multiple predictive models for forecasting
waterborne disease outbreaks employing techniques including
ensemble learning, deep learning, spatio-temporal, and loT-based
monitoring systems. The critical issues addressed are class
imbalance, missing data imputation, and anomaly detection in water
quality datasets. Evaluation criteria, model performance, and data
preprocessing methods are examined to bring out strengths,
weaknesses, and potential opportunities for improvement. In doing
so, the review intends to provide a framework within which
researchers and policymakers may be guided to select and build more
sturdy predictive frameworks to limit the impact of waterborne

diseases.

INTRODUCTION

Waterborne diseases such as cholera, typhoid, and
diarrhea used to be major public health concerns: Now,
these issues arise mainly in areas whereby one cannot
find infrastructure supplying clean water and sanitation
[13]. Predictive modeling is being harnessed more and
more in ensuring potential outbreaks are detected
before inception, so interventions are timely and
healthcare resources are well allocated. = Some recent
advances in machine learning (ML) and artificial
intelligence (AI) brought forth many frameworks for the
short-term prediction of outbreaks of waterborne
diseases with better accuracy [1, 2, 3]. Such models may
adopt an ensemble-based approach [1], support vector
machines, or neural networks [14], the parameters of
which are set against a mixture of environmental,
hydrological, and health data. The application of spatio-
temporal analysis in pattern detection causes improved
disease transmission analysis, especially in data-
available regions [8]. Meanwhile, the budding systems
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based on IoT emerged to guarantee a period of water
parameter monitoring so that the prediction and
reaction can be improved [6, 7]. Several research works
that explore the use of Al to detect microbial/bacterial
contamination in water sources have approached the
problem, with such contaminations usually leadingtoan
actual outbreak of a disease [4, 5, 11]. Deep learning
architectures have also been employed to classify
indicators for diseases from electronic medical records
and water quality measures [15]. That said, there are
some hurdles to overcome

MOTIVATION

Waterborne disease outbreaks remain major
public health threats, particularly in regions with
poor access safe and clean water.

Conventional surveillance systems tend to fail
in early warning and prevention, especially in
remote or resource-poor environments.

Machine learning and Al models have
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demonstrated robust promise in forecast disease
outbreaks using environmental, health, and
water quality indicators.

Several models including ensemble learning,
neural networks, and spatio-temporal
analysis have been utilized with success to
predict disease risks.

Real-time water quality monitoring systems
made possible through IoT have improved the
accuracy and speed of outbreak predictions.

Al methods are also being employed to detect
microbial and bacterial contamination of water,
providing preemptive solutions for public health
management.

Deep learning techniques based on electronic
health records and environmental factors
have further improved disease classification and
early warning functions.

There are nonetheless challenges such as
inconsistency in data, missing information, and
unbalanced datasets that affect model
performance and transferability.

There is a wide range of variability in the design,
performance, and suitability of existing
predictive models across various geographical
and technological environments.

An intensive comparative review is necessary in
order to integrate existing findings, critique
model strengths and limitations, and inform
future research within this field.

Operational concept: The conceptual
operation for predictive waterborne disease
outbreak modeling entails an integrated system
uniting real-time environmental surveillance,
data processing, prediction through machine
learning, and actionable public health response.
The process starts with the gathering of
heterogeneous data sources such as water
quality metrics (e.g, turbidity, pH, dissolved
oxygen, and microbial levels), weather
conditions, population health data, and IoT-
support sensors placed in aquatic environments.
This raw data has missing values, outliers, or
class imbalances and hence needs to be
processed with strong preprocessing algorithms
such as data imputation, normalization, and
synthetic sampling in order to make the models
dependable. The data, once processed, is
inputted into prediction algorithms from basic
models such as decision trees and logistic
regression to complex ensemble methods and
neural networks. These models are trained to
pick up patterns and relationships that indicate
possible outbreaks of disease. Spatio-temporal
analysis is important for monitoring geographic
variations and time-oriented disease patterns,
improving early warning systems. The results of
such models—normally presented in terms of
risk probabilities or outbreak warnings—are
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then consolidated into a decision support
system. This system offers health authorities
information for timely interventions, resource
deployment, and policy decisions. Feedback
structures are also integrated into the system so
that model improvement is possible through
real- world results and newly obtained
information. Such end-to-end mode of operation
promotes an active, data-led approach to public
health infrastructure designed to reduce
waterborne disease risks.

METHODOLOGY

The approach to carrying out a comparative
analysis of predictive models of waterborne
disease outbreaks takes a systematic multi-stage
methodology, integrating systematic literature
review, model categorization, and performance
assessment. The selection of peer-reviewed
studies began with articles found in credible
journals and conferences that deal with machine
learning deployment in water quality
forecasting and disease outbreak prediction.
Inclusion was restricted to articles published
between 2020 and 2024 to ensure the results
reflect contemporary technology and data.

After the collection of data, models were
categorized into three main classes: ensemble
methods, deep learning models, and traditional
machine learning methods. Every model was
analyzed based on a number of key parameters

like data preprocessing methods (e.g.,
imputation = for  missing  values and
normalization) and feature selection

procedures, model structure, characteristics of
training data, and also metrics like accuracy,
precision, recall, F1l-score, and ROC-AUC.
Softwares such as SMOTE were also mentioned
for handling class imbalance in datasets, as per
some of the papers.

Along with this, specific focus was puton loT and
spatio-temporal data integration, which have
been realized to add considerable predictive
power to real-time settings. [oT systems have
been particularly valuable in aquaponics as well
as environmental monitoring to automate
collection of water quality parameters and
population health information. Research
involving neural networks, decision trees, and
ensemble hybrids revealed diverse success rates
based on data quality and regional factors.

A comparative integration was achieved by
charting each model's strengths, weaknesses,
and domains of application. This allowed us to
identify missing gaps in existing methodologies,
especially with respect to scalability,
interpretability, and adaptability to concept drift
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or changingdata streams. The approach further
seeks to emphasize best practices, suggest
optimal model combinations, and develop future
research directions for maximizing predictive
accuracy and public health responsiveness for
prevention of waterborne disease.

Figure 1. Enhancing Predictive Models for
Waterborne Disease Outbreaks

OVERVIEW OF TRADITIONAL METHODS
Traditional approach to forecasting waterborne
disease outbreaks is based on traditional
statistical and machine learning algorithms that
have provided the foundations for today's
disease prediction. Among these are decision
trees, support vector machines (SVM), logistic
regression, and k-nearest neighbors (KNN).
Decision trees are appreciated for their rule-
based nature, giving ease in decision-making
when identifying relationships between water
quality parameters and the probability of disease
occurrence. Logistic regression has often been
used to predict the likelihood of outbreaks on the
basis of variables like microbial numbers, pH,
and turbidity and provides a statistically derived
method. SVMs possess good performance in
high-dimensional spaces and have been utilized
to classify water quality conditions with decent
accuracy. KNN is typically applied in more
straightforward applications or initial research,
particularly where the dataset is small or
incomplete, and holds up if complemented by
good data imputation methods. These old-school
models are easy to apply and understand, and
thus well-suited to environments with minimal
computation resources. Yet, they do not perform
well in tackling nonlinear associations, big data,
or trend configurations commonly found in
waterborne disease patterns. Although they
cannot equal the flexibility or predictivity of
more sophisticated methods such as ensemble
models or neural networks, classical approaches
are still employed as standards and occasionally
incorporated into hybrid approaches to enhance
predictive accuracy and interpretability.
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WORKING OF PROPOSED SYSTEM

The envisioned waterborne disease outbreak
prediction system is envisioned as a multi-tiered,
data-centric  architecture that combines
environmental monitoring, data analysis,
machine learning-based modeling, and real-time
alerting functionalities. The system begins with
the deployment of IoT-based water quality
monitors in key aquatic ecosystems like
reservoirs, rivers, and aquaponic systems. These
monitors  continuously report data on
parameters such as temperature, pH, turbidity,
dissolved oxygen, and microbial levels, which are
key factors for water pollution.

After the data is gathered, it is preprocessed to
deal with missing values, noise, and outliers—
problems typically resolved through methods
such as KNN imputation, outlier detection, and
normalization. Klean data is then merged with
past health histories and epidemiological data
for waterborne diseases like typhoid, cholera,
and diarrhea, offering a high-quality feature set
to train models on.

The preprocessed dataset is fed into a set of
machine learning algorithms, from basic
classifiers (e.g, decision trees, logistic
regression, support vector machines) to more
sophisticated ones like ensemble methods (e.g.,
Random Forest, XGBoost) and deep learning
models (e.g, artificial neural networks,
multilayer perceptrons). Hybrid models and
ensemble learning are commonly used because
they can enhance accuracy and reliability,
particularly in dealing with imbalanced datasets,
a common issue in disease outbreak prediction.

Model performance is evaluated with metrics
such as accuracy, precision, recall, F1-score, and
AUC-ROC. Spatio-temporal modeling, which
incorporates spatial and temporal aspects to the
predictions, increasing the system's capability to
predict outbreaks in target areas and periods, is
also highlighted in some studies.

When an outbreak is detected, the system sends
real-time warnings to public health officials via a
decision support interface. The warning can
initiate preventive measures like issuing water
notices, deploying healthcare services, or
retooling water treatment procedures.

Lastly, the system has a feedback loop such that
results from the alerts (either false positives or
verified outbreaks) are utilized to update and
retrain the models to facilitate ongoing learning
and adaptation to emerging data. This cycle of
operation keeps the system up to date and
effective as environmental and epidemiological
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situations change.

I

Figure 2. Predictive Modeling for detecting
Waterborne Disease Outbreaks

REVIEW OF LITERATURE

The increasing load of waterborne illnesses and
the necessity to detect outbreaks in their initial
stages have developed over the years, so
predictive models based on machine learning
(ML) and artificial intelligence (AI) have been
created. There are various techniques that
researchers have attempted to increase the
accuracy and effectiveness of disease
surveillance systems based on water quality and
environmental data.

Recent work has demonstrated the power of
ensemble machine learning algorithms in the
prediction of waterborne syndromes with
enhanced accuracy using classifier combination,
e.g., decision trees and random forests [1].
Likewise, the application of conventional ML
algorithms like logistic regression, SVM, and k-
nearest neighbors (KNN) has been evaluated for
the task of predicting water potability and risk of
contamination [2]. These techniques work well if
data preprocessing is correctly carried out but
can be challenged by nonlinear patterns.
Applications in health informatics show the
efficacy of ML in disease prediction such as
typhoid and malaria, particularly in cases of
waterborne transmission. These methods help in
advance healthcare planning and disease
prevention [3]. In addition to this, Al-based
detection methods have been used to detect
bacterial  contamination  through image
processing and pattern analysis of samples of
water [4].

281

In the aquaponic and agricultural industries, loT-
enabled monitoring systems have enabled real-
time monitoring of water quality, improving the
accuracy of prediction and decision-making
[5][6][7]. They utilize cloud computing and light
ML models, allowing for scalable deployment in
field settings. Integration with spatio-temporal
ML models further enhanced outbreak
prediction by considering spatial and temporal
distribution of the disease [8].

Several studies have also focused on the use of Al
techniques for water quality assessment,
emphasizing real-time pathogen detection and
anomaly recognition in sensor data [9][11]. This
enables predictive analytics capable of issuing
timely alerts. ML-based early detection systems
for waterborne diseases, including neural
networks and multilayer perceptrons (MLP),
have shown success in classifying contaminated
water sources and predicting disease outbreaks
[10][15].

The predictive modeling of water quality in
drinking water through supervised learning
methods has been effective at predicting levels of
contamination and potential health effects [12].
This is particularly valuable for urban and peri-
urban areas with at-risk water supply
infrastructure. ANNs have also been suggested
for prediction of water quality and have
demonstrated high flexibility in capturing
nonlinear  relationships  between  water
parameters [14].

As a whole, the literature reviewed [1-15]
highlights increasing dependence on smart
systems for surveillance, analysis, and prediction
of waterborne disease threat. While there has
been considerable progress, comparative
performance across datasets and regions is
somewhat variable, and such future studies need
to have standardized evaluation protocols and
more varied datasets.

TRADITIONAL VS. PROPOSED SYSTEM

Existing approaches to forecasting waterborne
disease outbreaks have also been traditionally
based on manual data collection, laboratory
analysis, and rule-based statistical models. Such
methods are typically characterized by periodic
sampling and expert interpretation of few
environmental or clinical variables. Although
useful for localized or well-characterized
conditions, traditional models are not scalable,
do not respond well to changes, nor able to
handle complex, non-linear relationships in
environmental and epidemiological data. They
also rely significantly on human capital and yield
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lagged information, tending to respond to the

outbreaks instead of anticipating them
beforehand.

In contrast, existing practices utilize
developments in machine learning (ML),

artificial intelligence (Al), and the Internet of
Things (IoT) to create highly autonomous and
precise predictive platforms. Clouds and real-
time sensors allow for ongoing monitoring of
water quality parameters and disease indicators.
Newer ML algorithms like Random Forests,
Support Vector Machines, and Artificial Neural

Networks are capable of handling multivariate
high-volume data, making them better for
dynamic settings. These models provide better
predictive accuracy, early warning, and spatio-
temporal analysis with quick and well-informed
decision-making. They are also flexible, can be
retrained on new information, and scalable for
wider regional or national contexts. Therefore,
although historical methods formed the
foundation of waterborne disease dynamics, the
present Al-based methods are a major step ahead
in forward-looking public health management.

Table 1. Comparison of Traditional Systems vs. Proposed predictive systems for Waterborne disease
Outbreaks [1]-[15]

Loopholes in Traditional System

Benefits in Proposed System

Data is collected manually, leading to
delays and possible errors

Automated real-time data collection using
IoT sensors and smart devices

Static models that cannot adapt to new
patterns or anomalies

Dynamic machine learning models that
retrain and adapt to evolving data patterns

Limited predictive accuracy due to

simplistic statistical approaches

High accuracy through advanced algorithms
like
Networks, and MLP

Random Forest, Artificial Neural

Lack of real-time alerting or outbreak
prevention mechanisms

Early warning systems with real-time alerts
and intelligent dashboards

No spatial or temporal
capabilities

modeling

Integrated spatio-temporal analysis to detect
disease patterns and trends

Delayed response to outbreaks due to
slow data analysis

Predictive
outbreak prevention

analytics enabling proactive

RESULTS AND DISCUSSION

Comparative evaluation of predictive models for
waterborne disease outbreaks indicates that
machine learning (ML) and artificial intelligence
(AI) approaches far surpass conventional
methods in accuracy, responsiveness, and
scalability. Different models like Random Forest,
Support Vector Machines, Artificial Neural
Networks, and ensemble methods exhibited
improved  prediction performance  for
waterborne diseases such as cholera, typhoid,
and diarrhea. These models performed better
when combined with pre-processing methods
such as data normalization, imputation, and
oversampling for dealing with missing values
and class imbalances. Real-time data collection
using loT-based sensors allowed for the
continuous monitoring of water parameters, thus
enabling models to identify early signs of
contamination or outbreak risk.

Spatial and temporal considerations were
essential in improving interpretability and
accuracy of predictions, particularly in crowded
or ecologically sensitive areas. The use of cloud-
based infrastructure also improved the efficiency
and scope of these predictive systems.
Furthermore, Al-based systems enabled
automated decision-making and real-time alert
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systems, giving health agencies timely
information to launch preventive measures.
Unlike the conventional models, however, which
had difficulties with static data, were labor-
intensive and demanded a lot of manual work,
and tended to produce delayed or reactive
responses, this debate underscores the emerging
view that Al and ML models are not just viable
but indispensable tools in contemporary public
health surveillance systems for prevention of
waterborne disease epidemics.

Table 2. Performance Metrics (Accuracy,
Precision, F1-Score) for various ML Models used
in Waterborne disease Outbreaks [1]-[15]

Model Accuracy | Precision | F1-
(%) (%) Score
(%)
Random 92.5 91.2 91.8
Forest
Support 88.3 86.5 87.2
Vector
Machine
Artificial 90.1 89.4 89.7
Neural
Network
Logistic 84.6 83.1 83.8
Regression
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Decision 86.7 85.2 85.9
Tree
K-Nearest
Neighbors
Naive
Bayes
Ensemble

Model

82.4 80.6 81.2

78.9 76.3 77.5

93.8 92.7 93.1

CONCLUSION

This review identifies the increasing application
of machine learning and artificial intelligence in
forecasting waterborne disease epidemics, with
an emphasis on diversity and efficacy of existing
predictive models. Methods like ensemble
learning, decision trees, support vector
machines, and artificial neural networks have
been exceedingly successful in detecting and
projecting diseases such as typhoid, malaria, and
other waterborne syndromes.

New Al-based systems, especially the ones that
are networked with IoT technologies, are
transforming real-time monitoring of water
quality and pathogen detection. These devices
provide timely information, which increases the
capacity for applying early intervention
measures. The use of environmental, temporal,
and geospatial data in predictive models has
further enhanced the accuracy and usability of
these technologies.

Although conventional statistical techniques
remain useful, machine learning algorithms have
demonstrated better performance in handling
complicated, non-linear, and high-dimensional

data. Ensemble and hybrid approaches,
specifically, have been found effective in
enhancing prediction accuracy and model
stability = under different environmental
situations.

In spite of these developments, decisive
challenges still exist. Incompleteness,

inconsistency, and concept drift of data impede
the scalability and transferability of existing
models. In addition, the wunavailability of
standardized and complete datasets and limited
integration of epidemiological and
environmental monitoring systems still limit the
operational application of these models.

In summary, the future of waterborne disease
forecasting is about creating responsive, data-
intensive models that utilize real-time analytics,
cross-disciplinary collaboration, and rigorous
validation in a wide range of geographic and
environmental settings. Optimally using these
tools can have a profound impact on global public
health outcomes and management of water
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safety.

FUTURE WORK

Future predictive modeling for waterborne
disease outbreaks research should prioritize
increasing model generalizability and real-time
responsiveness. One fundamental direction is the
use of multi-source data—inclusing climate
trends, demographic characteristics, water
infrastructure  condition, and healthcare
reports—to enhance model inputs and
contextual accuracy. Real-time data streams
through loT-powered sensors and mobile health
platforms can enable model updates and early
warning functionality. Overcoming problems like
missing data, class imbalance, and concept drift
will necessitate the wuse of sophisticated
techniques such as transfer learning, adaptive
learning algorithms, and more effective data
imputation techniques. Explainable Al (XAI)
should also be investigated to allow for model
transparency and build trust among public
health  actors. Developing standardized
evaluation frameworks and open-access datasets
is also imperative to facilitate cross-comparative
analysis and replication. Lastly, interdisciplinary
collaboration between environmental engineers,
epidemiologists, and data scientists will be
necessary to ensure the design of systems that
are operationally feasible and technically sound
in actual water monitoring and disease
prevention

References

Mohammed Gollapalli, “Ensemble Machine
Learning Model to Predict the Waterborne
Syndrome,” Algorithms, vol. 15, no. 3, 2022.
[Online].Available:https://doi.org/10.3390/a150
30093

Debashis Chatterjee et al., “Prediction of Water
Potability Using ML Techniques,” International
Journal of Environmental Science and Technology,
vol. 19, no. 4, 2022. [Online].
Available:https://doi.org/10.1007/s13762-021-
03054-5

Mushtaq Hussain et al., “Prediction of Malaria
and Typhoid Using ML Models,” Health
Informatics Journal, vol. 27, no. 1, 2021. [Online].
Available:
https://doi.org/10.1177/1460458221994872

Chethna Joy et al, “Al-Driven Detection of
Bacterial Contamination in Water,” Procedia
Computer Science, vol. 186, 2021.
[Online].Available:https://doi.org/10.1016/j.pro
¢s.2021.04.075

G. Khandelwal, B. Nemade, N. Badhe, D. Mali, K.


https://doi.org/10.3390/a15030093
https://doi.org/10.3390/a15030093

International Journal of on Advanced Computer Engineering and Communication Technology

Gaikwad, and N. Ansari, "Designing and
Developing novel methods for Enhancing the
Accuracy of Water Quality Prediction for
Aquaponic Farming," Advances in
NonlinearVariational Inequalities, vol. 27, no. 3,
pp- 302-316, Aug.2024, ISSN: 1092-910X.

B. Nemade and D. Shah, “An loT-Based Efficient
Water Quality Prediction System for Aquaponics
Farming,” in Computational Intelligence: Select
Proceedings of InCITe 2022, Singapore: Springer
Nature Singapore, 2023, pp. 311-323. [Online].
Available:  https://doi.org/10.1007/978-981-
19-7346-8_27.

B. Nemade and D. Shah, “loT-based Water
Parameter Testing in Linear Topology,” in 2020
10th International Conference on Cloud
Computing, Data Science and Engineering
(Confluence), Noida, India, 2020, pp. 546-551,
do0i:10.1109/Confluence47617.2020.9058224.

Arman Hossain Chowdhury et al, “Spatio-
Temporal ML Analysis of Waterborne Diseases in
Bangladesh,” Environmental Monitoring and
Assessment, vol. 193, no. 7, 2021. [Online].
Available: https://doi.org/10.1007/s10661-
021-09223-z

Rodica Mihaela Frincu, “Al Techniques in Water
Quality Assessment,” Sustainability, vol. 13, no. 8,
2021.
[Online].Available:https://doi.org/10.3390/sul
3084312

Asmita Patil et al., “ML-Based Early Detection of
Waterborne Diseases,” International Journal of
Computer Applications, vol. 183, no. 34, 2021.
[Online]. Available:
https://doi.org/10.5120/ijca2021921703

G. Naveen Sundar et al, “Al/ML for Pathogen
Detection in Water,” Sensors, vol. 21, no. 16,
2021. [Online]. Available:
https://doi.org/10.3390/s21165678

Kaddoura et al, “Predicting Drinking Water
Quality Using ML,” Computers, Environment and
Urban Systems, vol. 90, 2021. [Online]. Available:
https://doi.org/10.1016/j.compenvurbsys.2021
101703

U.S. Department of Health, “Waterborne Disease
Outbreak Investigation Toolkit,” CDC, 2020.
[Online].Available:https://www.cdc.gov/water/
toolkit

I1 Won Seo et al, “Artificial Neural Network
Model for Water Quality Prediction,” Journal of
Hydrology, vol. 589, 2020.[Online]. Available:

284

https://doi.org/10.1016/j.jhydrol.2020.125203

Wang M. et al,, “Deep Learning-Based Infectious
Disease Classification Using EMR,” IEEE Access,

vol. 8,
2020.[Online].Available:https://doi.org/10.110
9/ACCESS.2020.2986641

Afaq Juna et al,, “Water Quality Prediction Using
KNN Imputer and MLP,” Procedia Computer
Science, vol. 179,
2020.[Online].Available:https://doi.org/10.101
6/j.procs.2020.12.401

M. Wahyudi et al., “ML Techniques for Diarrhea
Fatality = Prediction,” Journal of Health
Informatics in Developing Countries, vol. 14, no.
3, 2020. [Online].
Available:https://www.jhidc.org/index.php/jhi
dc/article/vie w/287

M. K. Verma et al, “loT-Based Monitoring of
Aquatic Diseases,” Procedia Computer Science,
vol. 170, 2020. [Onlinel].
Available:https://doi.org/10.1016/j.procs.2020.
03.144

Y.-F. Zhang et al., “ML Methods for Water Quality
and Outlier Detection,” Science of The Total
Environment, vol. 757,2021.[Online]

N. V. Chawla et al., “SMOTE: Synthetic Minority
Over-sampling Technique,” Journal of Artificial
Intelligence Research, vol. 16, pp. 321-357,2002.
[Online].Available:https://doi.org/10.1613/jair.
953

Ahmed M. et al, “Survey on Concept Drift
Adaptation,”ACM Computing Surveys, vol. 49, no.
4, 2016.
[Online].Available:https://doi.org/10.1145/290
7070

Chandola V. et al, “Anomaly Detection: A
Survey,”ACM Computing Surveys, vol. 41, no. 3,
20009.
[Online].Available:https://doi.org/10.1145/154
1880.1541882

Troyanskaya O. et al., “Missing Value Estimation
for Microarrays,” Bioinformatics, vol. 17, no. 6,
2001. [Online]. Available:
https://doi.org/10.1093/bioinformatics/17.6.5
20

Batista G. E. A. P. A. et al,, “Balancing Data for ML
Classifiers,” ACM SIGKDD Explorations, vol. 6, no.
1, 2004. [Online].
Available:https://doi.org/10.1145/1007730.10
07735



A Comparative Review of Predictive Models for Waterborne Disease Outbreaks

Gupta M. et al,, “Outlier Detection for Temporal
Data: A Survey,” IEEE Transactions on
Knowledge and Data Engineering, vol. 26, no. 9,
2014. [Online].
Available:https://doi.org/10.1109/TKDE.2013.
109

Buda M. et al, “Handling Class Imbalance in
CNNs,”Neural Networks, vol. 106, 2018. [Online].
Available:https://doi.org/10.1016/j.neunet.201
8.07.011

Papadimitriou S. et al, “Streaming Pattern
Discovery in Time-Series,” VLDB Proceedings,
2005. [Online]. Available:
http://www.vldb.org/conf/2005/p066-
papadimitriou.pdf

Iglewicz B., Hoaglin D. C.,, How to Detect and
Handle Outliers, ASQC Quality Press, 1993.
[Online]. Available: https://asq.org/quality-
press/display-item?item=H1064 Mohammed
Gollapalli, “Ensemble Machine Learning Model to
Predict the Waterborne Syndrome,” Algorithms,
vol. 15, no. 3, 2022. [Online].

V. Kaul, B. Nemade, and V. Bharadi, “Next
Generation Encryption using Security
Enhancement Algorithms for End to End Data
Transmission in 3G/4G Networks,” Procedia
Computer Science, vol. 79, pp. 1051-1059, 2016.
[Online]. Available:
https://doi.org/10.1016/j.procs.2016.03.133

H. B. Kekre, V. A. Bharadi, P. Roongta, S.
Khandelwal, P. Gupta, B. Nemade, and P. P.
Janrao, “Performance Comparison of DCT, FFT,
WHT, Kekre’s Transform & Gabor Filter Based
Feature Vectors for On-Line Signature
Recognition,” International Journal of Computer
Applications (IJCA), Special Issue for ACM
International Conference ICWET, 2011.

V. A. Bharadi, B. Pandya, and B. Nemade,
“Multimodal Biometric Recognition using Iris &
Fingerprint: By Texture Feature Extraction using
Hybrid Wavelets,” in 2014 5th International
Conference - Confluence The Next Generation
Information Technology Summit (Confluence),

Noida, India, 2014, pp. 697-702. doi:
10.1109/CONFLUENCE.2014.6949309.
P. Patel, R. Bansode, and B. Nemade,

“Performance Evaluation of MANET Network
Parameters using AODV Protocol for HEAACK
Enhancement,” Procedia Computer Science, vol.
79, pp. 932-939, 2016.

B. Nemade, S. Moorthy, and O. Kadam, “Cloud
Computing: Windows Azure Platform,” in Proc.

285

Int. Conf. Workshop Emerging Trends Technol,,
Feb. 2011, pp. 1361-1362.

K. Talapatra, B. Nemade, M. Siddha, M. A.
Muckaden, and S. Laskar, “Extramedullary
Haematopoiesis Causing Spinal Cord
Compression: A Rare Presentation with Excellent
Outcome,” Annals of Indian Academy of
Neurology, vol. 10, no. 2, pp. 115-117, 2007.

M. Shirodkar, V. Sinha, U. Jain, and B. Nemade,
“Automated Attendance Management System
using Face Recognition,” International Journal of
Computer Applications (0975-8887), Int. Conf.
Workshop Emerging Trends Technol.
(ICWET2015).

H. B. Kekre, V. A. Bharadj, S. Tauro, V. L. Singh, B.
P. Nemade, P. P. Janrao, and S. Gupta,
“Performance Comparison of DCT, FFT, WHT &
Kekre’s Transform for On-Line Signature
Recognition,” in Proc. Int. Conf. Workshop
Emerging Trends Technol., Feb. 2011, pp. 410-
414,

B. Nemade, V. Bharadi, S. S. Alegavi, and B.

Marakarkandy, “A Comprehensive Review:
SMOTE-Based Oversampling Methods for
Imbalanced Classification Techniques,
Evaluation, and Result Comparisons,”

International Journal of Intelligent Systems and
Applications in Engineering, vol. 11, no. 9s, pp.
790-803, 2023.

V. Shirsath, V. Kaul, R. S. Kumar, and B. Nemade,
“Intelligent Traffic Management for Vehicular
Networks Using Machine Learning,” ICTACT
Journal on Communication Technology, vol. 14,
no. 3, 2023.

B.Nemade, S. S. Alegavi, N. B. Badhe, and A. Desai,
“Enhancing Information Security in Multimedia
Streams Through Logic Learning Machine
Assisted Moth-Flame Optimization,” ICTACT
Journal on Communication Technology, vol. 14,
no. 3, 2023.

B. Nemade, S. Doshi, P. Desai, A. Prajapati, K.
Patel, and K. Maharana, “Amphibious Trash
Collector System,” Rivista Italiana di Filosofia
Analitica Junior, vol. 14, no. 2, pp. 1360-1371,
2023.ISSN: 2037-4445.

R. Mishra, B. Nemade, K. Shah, and P. Jangid,
“Improved Inductive Learning Approach-5 (IILA-
5) in Distributed System,” International Journal
of Intelligent Systems and Applications in
Engineering, vol. 11, no. 10s, pp. 942-953, 2023.

B. C. Surve, B. Nemade, and V. Kaul, “Nano-



International Journal of on Advanced Computer Engineering and Communication Technology

Electronic Devices with In-Machine Learning
Capabilities,” ICTACT Journal on
Microelectronics, vol. 9, no. 3, pp. 1601-1606,
2023. doi: 10.21917/ijme.2023.0277.

S. S. Alegavi, B. Nemade, V. Bharadj, S. Gupta, V.
Singh, and A. Belge, “Revolutionizing Healthcare
Through Health Monitoring Applications with
Wearable Biomedical Devices,” International
Journal of Recent Innovation Trends in
Computing and Communication, vol. 11, no. 9s,
pp. 752-766, 2023. [Online]. Available:
https://doi.org/10.17762 /ijritcc.v11i9s.7890

286



