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ABSTRACT 

This research addresses the challenge of inaccurate early monkeypox diagnosis by devising a new 
system that ensembles the Light GBM algorithm with a deep neural network. This combination accelerates 
the prediction process while improving accuracy. The system is trained on real-time patient datasets that 
include clinical information—such as age, symptoms, lab results, and medical history—as well as images 
of the affected skin regions. We carefully cleaned this data, converting categories into numbers and scaling 
values to ensure everything was consistent and fair for the models. This research chose Light GBM as our 
first model because it's incredibly fast and has a great talent for highlighting which symptoms and factors 
are the most important predictors. The DNN processes complex patient data in a non-linear way, whereas 
the other models often struggle. To leverage the unique advantages of both models, we integrated them 
using a stacking ensemble method. In this approach, the predictions from the Light GBM and DNN models 
serve as inputs to a meta-learner, which in our case was a Logistic Regression model, to generate a final, 
refined prediction. We put our unified system to the test against all the current leading models. We didn't 
just look at accuracy; we carefully measured precision, recall, and F1-score, with a special focus on 
minimizing false positives. Misdiagnosis is more than a clinical error—it can deeply frighten patients and 
drain precious medical resources. Solving this problem was our most important goal. The outcome was 
undeniable: our unified model proved to be more effective than any single method, demonstrating a 
superior ability to catch the disease early. This strategy can speed up decision-making and lead to better 
care for every patient. Our results significantly outperforms the current leading models like AdaBoost, 
XGBoost, and standard Light GBM. It consistently delivered better accuracy across every test we ran. It 
excelled at spotting Monkeypox in its early stages while almost never raising a false alarm. We believe this 
makes it a truly practical tool, giving doctors a reliable way to make faster, more confident diagnoses and 
start treatment sooner. 
Keywords: Monkeypox, Clinical Features, Light GBM, Deep Neural Network, Machine learning, 

Ensemble Learning, Stacking Classifier 
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1. INTRODUCTION  
 

The global health community is 
increasingly concerned about Monkeypox, a 
zoonotic virus that has re-emerged with rapid 
transmission rates and symptoms often mistaken for 
other pox-like illnesses. The context makes 
achieving an early and precise diagnosis paramount 
for outbreak containment and patient care. 
Conventional diagnostic methods, though reliable, 
can be hampered by time delays and variable 
effectiveness in diverse clinical settings. Emerging 
machine learning technologies present a compelling 
alternative, enhancing diagnostic precision by 
deciphering complex patterns within clinical data. 
These models provide predictive insights that can 
empower medical professionals, offering a valuable 
tool for decision-making.To tackle the specific 
diagnostic difficulties posed by Monkeypox, our 
research proposes a novel ensemble framework 
named Stacked DEEP LGBM. This architecture 
synergizes the computational efficiency and feature 
selection prowess of Light GBM with the capability 
of a Deep Neural Network (DNN) to model subtle, 
non-linear data relationships. We trained our model 
on a composite of robust datasets—the Monkeypox 
Skin Lesion Dataset (MSLD), the Monkeypox Skin 
Image Dataset (MSID), and a structured symptom 
dataset—all of which include vital indicators like 
patient symptoms, PCR outcomes, demographic 
details, and medical history. 

 
We employed a stacking technique by 

fusing the strengths of both base models that uses a 
Logistic Regression meta-learner to synthesize their 
predictions. This hybrid strategy boosts both the 
accuracy and robustness of the classification, while 
also maintaining a degree of interpretability 
essential for clinical adoption. It is important to 
note the scope of this work: the proposed 
framework is intended strictly as a decision-support 
tool for clinicians, designed to augment—not 
replace—established laboratory tests and medical 
expertise. Its effectiveness is inherently tied to the 
availability of high-quality, representative clinical 
data. While results are promising, the model's 
performance assumes data completeness and 
diversity; its generalizability to real-time outbreak 
settings or genetically diverse populations remains 
an area for future validation. Ultimately, this study 
underscores the transformative potential of AI-
driven diagnostics in public health. By facilitating 
earlier and more accurate detection of Monkeypox, 
such intelligent systems can play a critical role in 
shaping future disease management strategies and 

supporting frontline healthcare workers. The 
research hypothesis integrates skin lesion pictures 
with clinical information within a stacked DEEP-
LGBM model will provide more accurate, 
explainable, and effective Monkeypox diagnosis 
compared to either modality independently. 
 
2. LITERATURE SURVEY 
 

To address the challenges of limited 
training data and stringent patient privacy 
requirements, Kundu et al. [1] introduced a 
federated learning framework tailored for 
Monkeypox diagnosis. Their approach incorporates 
Cycle GAN-driven data augmentation to produce 
clinically meaningful synthetic skin lesion images, 
enriching the dataset without compromising 
realism. By distributing the training process across 
multiple healthcare institutions, the federated 
system facilitates collaborative model development 
without the need to exchange raw patient 
information—a fundamental benefit for 
maintaining data confidentiality in medical settings. 
The study conducted thorough evaluations of 
several deep learning models—ResNet50, 
MobileNetV2, and Vision Transformers (ViT-B16 
and ViT-B32)—with ViT-B32 emerging as the top 
performer, attaining a classification accuracy of 
92.90%. To further strengthen the system’s 
security, the authors suggest incorporating 
blockchain technology to protect the federated 
learning environment from potential vulnerabilities. 
This integrated strategy highlights the promise of 
privacy-aware AI in medical imaging, presenting a 
balanced solution that does not sacrifice diagnostic 
quality for data protection—an essential criterion 
for real-world clinical adoption. While federated 
learning successfully combines data augmentation, 
privacy, and security within medical AI, several 
issues remain, including the authenticity of 
synthetic data, the architectural simplicity of Vision 
Transformers, and the still-theoretical integration of 
blockchain. This research lays the groundwork for 
interdisciplinary advances in global medical AI 
systems that prioritize privacy without 
compromising on performance. 

   
Raha et al. [2] present a new approach to 

Mpox diagnosis that enhances convolutional neural 
networks (CNNs) with an integrated attention 
mechanism. This hybrid architecture significantly 
improves upon standard CNNs by learning to focus 
its processing power on the most clinically relevant 
regions of skin lesion images. Rather than 
analyzing an image uniformly, the attention module 
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teaches the model to identify and prioritize distinct 
morphological markers associated with Mpox. This 
capability is crucial for improving diagnostic 
accuracy, as it allows the system to better 
distinguish Mpox from other visually similar 
diseases like chickenpox and herpes. The proposed 
model demonstrates exceptional diagnostic 
performance, achieving a classification accuracy of 
94.7%—a marked improvement over contemporary 
CNN architectures. Beyond its quantitative results, 
the system also generates intuitive visual attention 
maps that highlight the specific image features 
influencing each diagnosis. This dual functionality 
addresses two critical requirements for clinical AI: 
achieving top-tier accuracy while maintaining 
interpretability, thereby building essential trust and 
facilitating practical integration into medical 
decision-making. By making the AI's reasoning 
process visible, these visualizations bridge a critical 
gap. They transform complex deep learning 
systems from inscrutable "black boxes" into 
transparent tools that clinicians can understand and 
trust. This work ultimately demonstrates how 
attention mechanisms can revolutionize diagnostic 
medicine, paving the way for powerful AI tools that 
are not only highly accurate but also clinically 
practical and reliable for combating infectious 
diseases. The attention-based CNN model not only 
achieves a robust diagnostic accuracy of 94.7%, but 
also produces visual attention maps that enhance 
clinical interpretability. Its key contribution lies in 
successfully uniting high predictive performance 
with model transparency—a dual capability that 
paves the way for more trustworthy and adoptable 
AI-assisted diagnostic tools in real-world medical 
settings. 

 
Ahsan M. M. et al. [3] developed a 

sophisticated deep learning framework for 
Monkeypox detection based on the EfficientNet-B0 
architecture, selected for its optimal balance of 
computational efficiency and classification 
performance. The authors compiled a carefully 
curated dataset containing clinically verified images 
of Monkeypox, chickenpox, and unaffected skin. 
Comprehensive data augmentation methods 
enhanced the model, improving its robustness and 
applicability across varied patient demographics. 
The  key contribution of this research was the 
integration of Gradient-weighted Class Activation 
Mapping (Grad-CAM), which provides 
interpretable visual explanations by highlighting the 
most discriminative lesion features used by the 
model during prediction. By clearly illustrating 
which regions of an image most influenced the 

classification, this approach brings much-needed 
transparency to the diagnostic process. The network 
achieved a classification accuracy of 91.11% in 
distinguishing Monkeypox from other clinically 
similar diseases, while the generated heatmaps 
offered valuable insight into the model's reasoning, 
giving clinicians a clearer window into how and 
why decisions are made. 

 
This dual focus on both high accuracy and 

clear interpretability meets two essential 
requirements for use in clinical settings. By 
enabling medical professionals to visually verify 
the model's reasoning, the approach builds the trust 
necessary for real-world adoption. The study 
demonstrates how modern deep learning systems, 
when integrated with explainability techniques like 
Grad-CAM, can contribute to more transparent and 
dependable diagnostic supports—particularly 
valuable in the treatment of complex infectious 
diseases. The authors introduce an EfficientNet-B0-
based model that effectively balances diagnostic 
precision with computational efficiency, achieving 
91.11% accuracy in distinguishing Monkeypox 
from visually similar diseases. By incorporating 
Grad-CAM visualizations, the model emphasizes 
the specific lesion characteristics that guide its 
predictions, fostering interpretability and 
strengthening trust among clinicians. Although 
these results are promising, the model’s practical 
utility may be constrained by limited dataset 
diversity and the operational resource demands 
typical of real-world healthcare environments. 

 
Bengesi S. et al. [4] undertook a nuanced 

analysis of public sentiment during the Monkeypox 
outbreak by applying advanced sentiment analysis 
to Twitter data. The researchers systematically 
evaluated over 100,000 tweets using natural 
language processing techniques—including 
tokenization, stop-word removal, and 
lemmatization—to uncover meaningful sentiment 
patterns within the often chaotic landscape of social 
media discourse. In their analysis of public opinion, 
the researchers employed multiple machine 
learning classifiers—including Naïve Bayes, 
Support Vector Machines (SVM), and Random 
Forest. Among these, the SVM model delivered the 
strongest performance, accurately classifying 
tweets with an accuracy of 87.5%. The results 
revealed a dominant tone of negative sentiment, 
reflecting substantial public anxiety about the 
Monkeypox outbreak. Additionally, the study 
highlighted the widespread presence of health-
related misinformation on the platform, 
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underscoring the challenges of managing factual 
discourse during public health crises. 

 
This study makes two significant 

contributions to public health informatics. First, it 
offers a methodological blueprint for tracking 
public sentiment during disease outbreaks in real 
time. Second, it underscores the growing necessity 
for sophisticated surveillance tools that can detect 
health misinformation and strengthen crisis 
communication strategies. The results highlight the 
worth of social media analytics as a resource for 
public health officials to measure community 
concerns amid nascent outbreaks and to craft 
targeted communication interventions that respond 
to both informational gaps and widespread 
misconceptions. The test's value is its provision of a 
real-time monitoring system that can facilitate 
public health communication. Nevertheless, its 
reliance on Twitter data constrains more general 
representation and subjects the analysis to platform 
biases and noisy tweets, mentioning both the 
potential and dangers of social media in outbreak 
surveillance. 

 
M. de Jong et al.[5] introduce a novel 

mathematical model for maximizing therapeutic 
treatments in Monkeypox (Mpox) infection. The 
model identifies the intricate nonlinear processes 
involved in viral pathogenesis through the 
incorporation of crucial biological parameters such 
as viral replication dynamics, host immunity 
dynamics, and antiviral drug action dynamics. 
Applying principles of control theory, the authors 
formulated a systematic methodology to reconcile 
two important therapeutic goals: optimizing viral 
suppression while preventing potentially 
detrimental overstimulation of immune responses. 

 
Clinical proof-of-concept studies 

illustrated that model-driven treatment protocols 
had the potential to profoundly enhance patient 
outcomes, especially when antiviral treatment is 
initiated early in the course of infection. The 
findings indicate an important therapeutic window 
in which correctly timed and dosed treatment can 
simultaneously decrease symptom severity and 
shorten convalescence. Moving forward, two 
potential avenues are identified by the researchers 
to refine models:  inclusion of patient-specific 
immunological and pharmacological parameters for 
enabling precision medicine strategies, and   further 
characterization of interpatient variability of 
immune response patterns. This study offers a 
valuable quantitative framework that connects 

theoretical immunology with practical clinical use, 
opening a pathway for more data-informed and 
rationally designed treatment strategies for Mpox 
and related orthopoxvirus infections. By 
introducing a novel model of viral infection that 
distinguishes between viral production and 
shedding phases, the research provides deeper 
insight into the mechanisms of disease progression. 
This refined approach allows for a more nuanced 
evaluation of antiviral treatments, such as cidofovir 
and tecovirimat, and strengthens the overall 
understanding of potential intervention points for 
improving disease control measures. 

 
In their work, M. Rashed-Al-Mahfuz et al. 

[6] present a compelling machine learning approach 
to improve Chronic Kidney Disease (CKD) 
screening, particularly in resource-constrained 
environments. The authors conducted a systematic 
analysis of clinical datasets to identify the most 
predictive biomarkers associated with CKD 
progression. They further compared the efficacy of 
multiple algorithms—including Logistic 
Regression, Random Forest, and Support Vector 
Machines—to determine the most suitable model 
for practical, low-resource deployment. 

 
The study demonstrates that Random 

Forest algorithms can achieve high diagnostic 
accuracy—reaching 95.4%—even when using 
limited sets of clinical features. This ability to 
perform well with minimal data is especially 
valuable for low-resource settings, where 
comprehensive testing may not be feasible. The 
implication of this finding is that effective CKD 
screening might be feasible without rigorous 
laboratory examination, which could potentially 
facilitate greater access to early detection services. 
By emphasizing practical implementation issues, 
the authors illustrate how such machine learning 
solutions might revolutionize CKD management in 
under-resourced areas. Their paper provides 
significant foundation for the creation of point-of-
care diagnostic devices that are both clinically 
useful and operationally viable in settings with 
weak healthcare infrastructure. Potential future 
developments are clinical trials to verify their 
efficacy and usability using user-friendly interfaces 
to promote acceptance by non-expert health 
workers. The research indicates that dataset 
optimization with major attributes improves 
accuracy of machine learning-based CKD 
diagnosis, where the random forest classifier is 
excellent. The method holds promise for enhancing 
early treatment planning and screening, but its 
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reliability is constrained by the availability of data 
and lack of trusted prediction for disease severity, 
duration, and age of onset. 

 
Global outbreak of Monkeypox following 

COVID-19 has boosted public health alarm, and 
thus, there is a need for early detection. Deep 
learning (DL) provides an inexpensive diagnostic 
alternative. M. M. Ahsan et al. [7] used transfer 
learning for six DL models in this research, and 
customized VGG19 and MobileNetV2 were found 
to work best with 93–99% accuracy. To ensure 
transparency and trust, LIME was employed to 
identify key features contributing to predictions. 
These findings demonstrate the potential of DL to 
assist with Monkeypox diagnosis, especially in 
low-resource healthcare environments. 

 
Yasmin F. et al.[8] presented PoxNet22, a 

novel deep learning model utilizing transfer 
learning to augment Monkeypox (Mpox) diagnosis. 
Through fine-tuning pre-trained models such as 
VGG16, ResNet50, and InceptionV3 on a well-
curated dataset of Mpox, chickenpox, and normal 
skin lesions, the authors created an extremely 
accurate classification system. Strategic application 
of data augmentation methods enhanced model 
generalization while preventing overfitting hazards. 
Among the models evaluated, the VGG16-based 
PoxNet22 architecture delivered the highest 
performance, achieving a classification accuracy of 
94.3%. The use of transfer learning further 
enhanced the model's practical utility by 
significantly reducing both computational demands 
and training duration. These efficiencies are 
especially valuable in resource-limited clinical 
settings, where access to high-end hardware and 
extended training times is often constrained. 

 
The study underscores transfer learning as 

a transformative approach for developing cost-
effective diagnostic tools, particularly for emerging 
infectious disease outbreaks. By combining high 
accuracy with efficient processing, PoxNet22 is 
well-suited for rapid case detection in regions with 
limited medical resources or underdeveloped 
healthcare infrastructure. Future research could 
focus on expanding the model’s capabilities by 
incorporating more diverse clinical datasets and 
exploring advanced transfer learning techniques. 
These advancements could lead to even greater 
diagnostic precision while maintaining the 
efficiency that makes this approach feasible for 
broad clinical adoption—potentially transforming 
outbreak response capabilities in underserved 

regions. The findings from this study offer practical 
value to clinicians, supporting more accurate 
diagnosis and classification of monkeypox cases. 

 
In their study, Olusegun R. et al. [9] 

developed a novel framework that integrates deep 
learning with natural language processing (NLP) to 
analyze public emotional responses to the Mpox 
outbreak through social media content. Their study 
examined a substantial collection of tweets related 
to Mpox, employing established natural language 
processing techniques—including tokenization, 
lemmatization, and stop-word removal—to uncover 
underlying patterns in public sentiment. The 
researchers implemented both LSTM networks and 
BERT transformer models to categorize emotional 
content, with BERT demonstrating superior 
performance by achieving 89.7% accuracy in 
identifying predominant sentiments such as fear, 
anger, and optimism 

 
The analysis revealed that fear and anxiety 

were among the most prominent public reactions, 
offering valuable insight into collective 
psychological distress throughout the health 
emergency. This method equips public health 
authorities with a practical means to track evolving 
community sentiment in real time, enabling more 
agile and precisely tailored public communication 
campaigns. The authors point to key future 
developments, such as multilingual analysis 
extension and establishing systems of real-time 
monitoring, that would further strengthen health 
authorities' ability to respond to the public's 
concerns and fight misinformation amid new 
outbreaks. 

 
Sorayaie Azar  et al.[10] propose a new 

deep learning model for Monkeypox (Mpox) 
detection based on Convolutional Neural Networks 
(CNNs). After conducting an extensive review of 
current diagnostic shortcomings, the authors 
created an image classification system trained on 
heterogeneous clinical presentations of Mpox 
lesions at different stages of infection. This targeted 
method greatly enhanced the model's performance 
in identifying disease presentations among different 
patient populations. The CNN model achieved 
higher diagnostic performance than the standard 
approaches, highlighting the promise of deep 
learning to not only increase the speed but also the 
accuracy of Mpox identification.  The research 
brings out two key contributions to digital health: 
(1) providing an AI-based complement to laborious 
manual diagnosis, and (2) proving the versatility of 
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CNN models to diverse clinical presentations. 
Future research directions comprise three main 
areas: optimizing model resilience with 
sophisticated training methods, increasing the 
diversity of training data for enhanced 
generalizability, and assessing implementation 
routes for various healthcare settings. Such 
advancements would revolutionize Mpox 
surveillance capacity, most notably in resource-
poor contexts where fast, precise diagnosis is still a 
challenge. The study highlights how carefully 
considered AI-based solutions can fill critical gaps 
in the control of infectious diseases worldwide. The 
data consists only of skin photos without clinical 
verification and auxiliary information such as 
laboratory reports, limiting its scope. This leaves 
the external validity of the findings questionable, 
suggesting they be tested using more diverse 
datasets. Further, the practical application of the 
model as decision-support software in actual 
clinical environments is yet to be explored. 

 
The proposed method by Hashemi et al. 

[11] integrates machine and deep learning 
techniques to improve the detection and 
management of Monkeypox (Mpox). Their 
approach employs convolutional neural networks 
(CNNs) to analyze medical imagery, enabling more 
reliable and precise identification of infections. The 
framework also incorporates historical patient data 
to predict treatment outcomes, offering a data-
informed foundation to support clinical decision-
making. To enable effective model training, the 
research team compiled an extensive dataset 
comprising diverse clinical images and carefully 
anonymized patient records. Experimental results 
indicate that their framework outperforms 
conventional diagnostic methods in accuracy, 
enabling faster and more reliable detection of 
Mpox. This advancement highlights the growing 
role of AI-driven tools in public health, particularly 
in supporting timely antiviral treatment decisions 
and improving patient outcomes. The refined 
version of this model can be used in broader public 
health initiatives to significantly enhance diagnostic 
speed and treatment precision, thereby 
strengthening our capacity to manage and contain 
future outbreaks. Decision trees are prone to 
overfitting, while matrix factorization methods are 
susceptible to data leakage and often exhibit limited 
generalizability. Furthermore, the absence of a 
complete F-13 crystal structure and the need for 
experimental validation represent significant 
limitations of the current findings. 

 

Koparde et al.[12] created an automatic 
deep learning-based method to enhance 
Monkeypox (Mpox) detection beyond the limits of 
traditional diagnosis. In their work, they 
systematically compared various Convolutional 
Neural Network (CNN) architectures—namely 
MobileNetV2, VGG16, and ResNet50—using 
transfer learning to achieve better model 
performance. They obtained their dataset from 
publicly available databases and implemented strict 
pre-processing methods to ensure optimal training 
and validation. MobileNetV2 performed best at 
94.16% accuracy of the models that were tested. 
The results highlight the effectiveness of deep 
learning in enhancing diagnostic accuracy and 
efficiency, pointing to its potential application in 
clinical settings. Future research directions also 
include including more comprehensive datasets and 
real-time deployment in healthcare settings in order 
to enhance public health responses to Mpox 
outbreaks. In the future, the authors seek to make 
the model more applicable in the clinic and 
overcome practical obstacles when implemented in 
real-world settings to make it scalable and robust in 
various medical situations. The AI model had an 
accuracy of 0.507 and recall of 0.775 in detecting 
skin lesions. Its severity grading had moderate to 
high agreement with actual labels, with linear 
weighted kappa of 0.652, 0.737, and 0.696. The 
model generally performed fairly well in grading 
the severity of acne. 

 
Alhasson et al. [13] introduced a mobile 

application powered by deep learning designed to 
enable real-time detection of Monkeypox (Mpox), 
addressing several key limitations of traditional 
diagnostic approaches. The app employs a 
convolutional neural network based on the 
MobileNetV2 architecture, enhanced through 
transfer learning, to identify Mpox-related skin 
lesions from user-submitted images. The model, 
trained on an Mpox image dataset, enabled the 
application to achieve over 91% accuracy with 
strong precision and recall scores, outperforming 
existing diagnostic models. This innovation 
highlights the potential of integrating deep learning 
into mobile platforms to deliver rapid, reliable 
diagnostics, offering a practical tool to strengthen 
public health monitoring and improve outbreak 
management. Looking forward, the authors plan to 
further develop the model by using bigger and more 
varied datasets, with future revisions aimed at 
maximizing real-world utility and diagnostic 
accuracy. These developments would be a potential 
gold standard to augment world health 
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infrastructure against upcoming infectious disease 
outbreaks. Limitation of the study is that the sample 
size is small, and it's not diverse since the dataset 
consists of only images related to pox. Reliability 
would be enhanced through the use of larger and 
diverse datasets, as well as tests of the model on 
various platforms and devices. 

 
Ahsan  et al.[14] performed a landmark 

study investigating the use of deep transfer learning 
in the detection of Monkeypox (Mpox), meeting the 
urgent demand for early and accurate diagnosis in 
the management of outbreaks. Using cutting-edge 
Convolutional Neural Networks (CNNs), such as 
VGG16, ResNet50, and InceptionV3, the authors 
successfully classified Mpox-related dermatological 
images. By applying data augmentation and model 
fine-tuning techniques, the researchers were able to 
drastically improve diagnostic performance, as 
evidenced by the outstanding classification 
accuracy of 97.8\% using InceptionV3. Such 
conclusions highlight the revolutionizing potential 
of deep transfer learning in enhancing diagnostic 
accuracy and optimizing clinical decision-making 
for infectious diseases. The research calls for the 
deployment of such AI-based methods in healthcare 
frameworks to enhance outbreak response capacity. 
For future research priorities, the authors highlight 
the need for increased diversity of training sets and 
exploring ensemble learning methods to further 
refine real-time diagnostic performance. The study 
adds to the growing evidence base for artificial 
intelligence as an effective tool in infectious disease 
control, and the findings open up for more timely 
and effective public health response. The proposed 
methodology suggests a novel approach for 
resolving challenges in infectious diseases by 
integrating artificial intelligence with tropical 
medicine, providing a new direction for 
researchers. The authors plan to continue refining 
the model using larger and more diverse datasets, 
with future developments focused on enhancing 
real-world applicability and diagnostic precision. 
These advancements could significantly strengthen 
global health systems and improve preparedness 
against future infectious disease outbreaks. 
Although the study reports strong results, its 
reliance on limited dermatological image datasets 
raises concerns regarding potential overfitting and 
limited generalizability to broader populations. The 
models have yet to be validated in actual clinical 
environments where performance would likely 
differ across devices and conditions. Most 
importantly, important areas such as multi-modal 

data, ethics, and translation into healthcare practice 
are yet to be addressed. 
 
3. PROPOSED STACKED DEEP LGBM 
 

 
Figure 1: Flow of Stacked DEEP LGBM 

The image above presents flow of Sacked 
DEEP LGBM and it is an integrated approach for 
the early detection of Monkeypox using both 
clinical data and medical imaging. Developing 
reliable machine learning (ML) and deep learning 
(DL) models for Monkeypox diagnosis requires 
diverse datasets, including skin lesion images and 
structured clinical records. Key datasets used in 
such research include the Monkeypox Skin Lesion 
Dataset (MSLD) and the Monkeypox Skin Image 
Dataset (MSID), which contain hundreds of 
annotated images. These datasets categorize cases 
into Monkeypox, similar conditions (e.g., Measles 
and Chickenpox), and healthy skin, as shown in 
Figure a-c. To ensure model robustness, 
preprocessing techniques such as resizing, 
normalization, and data augmentation (rotation, 
flipping, zooming) are applied, enhancing dataset 
diversity and improving generalization. 

 

 
Figure 2: Pustular stage of Monkey pox skin lesions 

 
The integration of multimodal data sources 

significantly improves early Monkeypox detection 
by combining structured clinical records with visual 
diagnostic inputs. Clinical datasets, which include 
patient demographics, symptom timelines (such as 
fever duration, lymphadenopathy characteristics, 
and lesion progression), PCR test outcomes, and 
medical histories, undergo rigorous preprocessing 
through feature engineering techniques like one-hot 
encoding, Min-Max scaling, and mutual 
information-based selection. These processed 
clinical variables are then synergistically combined 
with dermoscopic imaging data within a hybrid 
Stacked DEEP-LGBM framework. The system 
leverages two complementary machine learning 
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models: the Light Gradient Boosting Machine 
(Light GBM), which rapidly analyzes structured 
clinical data through gradient-boosted decision 
trees while identifying critical biomarkers like 
lymphocyte counts and lesion distribution patterns, 
and a Deep Neural Network (DNN) utilizing a 
ResNet-50 backbone to extract high-level features 
from skin images, such as pustule morphology and 
rash progression signatures. Probabilistic prediction 
accuracy is increased by hierarchical Stacking of 
Light Gradient Boosting Machine (Light GBM) and 
a Deep Neural Network (DNN), then the output 
performance of stacked architecture is validated by 
using the logistic regression meta-learner with L2 
regularization function. Cross-validation using 
training and testing data for trials showed 94.3% 
accuracy, surpassing single-modality benchmarks 
(p<0.01) while preserving clinical interpretability 
using SHAP value analysis of important predictors 
such as neutrophil-to-lymphocyte ratios and lesion 
maturation rates. The World Health Organization 
suggested the protocols and tools to set thresholds 
for screening the regional diseases by using this 
kind of architecture with high computational 
efficiency. 
 
3.1 FUNCTION OF STACKED DEEP LGBM 

The integrated DEEP LGBM approach 
identifies monky pox similarities with other pox 
illness in precise and quicker through which it 
addressing the diagnosing difficulties of the visual 
and symptomatic similarities of monkeypox 
images. 

 
3.1.1 Feature Extraction with DNNs 

Deep neural networks (DNNs) start by 
learning basic elements of a skin lesion image—
like edges, textures, and color gradients. As the 
image moves through the network's layers, these 
simple features are combined into more complex 
patterns. Eventually, the system can identify the 
intricate shapes, borders, and visual signs that are 
characteristic of monkeypox.  Perhaps most 
impressively, the model teaches itself to recognize 
these signs, discovering tiny, hidden clues that even 
a trained expert could easily miss. We trained the 
system on a huge collection of images confirmed to 
be either monkeypox or something else. To make 
sure it's robust, we also used techniques like 
rotating, flipping, and zooming on the images to 
simulate different real-world scenarios. These 
improvements help the model learn a more reliable 
understanding of the images. It learns by constantly 
tweaking its internal settings, learning from its 
mistakes to get better and better at telling the 

difference between monkeypox and other skin 
conditions. 

 

 
Figure 3: DenseNet169 Architecture for Monkeypox Skin 

Lesion Classification 
 
3.1.2 Image Data Analysis Using DNN 

To identify potential monkeypox cases, 
our system analyzes skin lesion images obtained 
from public sources like the MSLD and MSID 
databases. Before the analysis begins, we carefully 
prepare every image. We start by resizing them to a 
uniform 224x224 pixel size and adjusting their 
color and lighting for consistency. To make our 
training set even richer, we create new variations of 
each picture through a technique called 
augmentation. This means we rotate, flip, brighten, 
and zoom in on the original images. This process 
teaches the model to focus on the core patterns of a 
condition, like monkeypox, rather than memorizing 
specific details from individual photos, which 
drastically improves its real-world accuracy. For 
the analysis itself, we employ sophisticated deep 
learning architectures, particularly DenseNet169, 
which we specially adapt to detect visual indicators 
associated with monkeypox. This customized 
model examines each image for characteristic 
features and provides preliminary assessments to 
aid in diagnosis. 

These neural networks perform two key 
tasks: they pinpoint important visual features in the 
images and produce an initial classification. Each 
image is assigned a likelihood score across three 
categories: monkeypox, other diseases with similar 
appearances, or healthy skin. To further improve 
reliability, we use an ensemble method that blends 
predictions from several neural networks. By 
applying advanced normalization techniques, 
including aggregation based on Beta functions, we 
combine the strengths of each model to produce a 
more accurate and confident final assessment. 
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This multi-layered analysis provides clinicians with 
more reliable diagnostic support than any single 
model could deliver alone. 
 
3.1.3 Clinical Data Analysis using Light GBM 

We use the Light GBM algorithm as a 
kind of digital detective for patient data, helping to 
spot the early signs of Monkeypox. It's incredibly 
good at quickly sorting through a patient's entire 
chart—not just their age, but the specific story of 
their symptoms: how a fever spiked, the distinct 
way a rash appeared,   what their PCR tests 
showed, and their relevant medical history. But 
first, we have to get the data ready for it to 
understand. We translate all the text-based 
information into numbers, adjust values to a 
common scale so nothing gets unfairly weighted, 
and intelligently fill in any gaps without changing 
the meaning of the dataset. The real reason we 
chose Light GBM, though, is that it's both 
lightning-fast and brilliantly insightful. It can 
quickly work with the complex, multi-layered 
nature of medical records. More importantly, it 

doesn't just produce a prediction; it reveals which 
factors—like a specific symptom or lab value—
were most critical in making that call. This built-in 
transparency is vital for doctors, as it allows the 
model to explain its reasoning for each case, 
building the trust needed for real-world clinical use. 
By acting as an evidence-based support tool, this 
approach can help medical professionals make 
faster, more informed diagnoses during critical 
outbreak situations. 
 

Light GBM's unique design, based on 
gradient-boosted decision trees, is especially well-
suited for detecting Monkeypox in a clinical 
environment. It excels at tackling the typical 
complications found in medical data. For instance, 
it can seamlessly work with different types of 
patient information—both categorical options and 
continuous measurements—and it remains accurate 
even when there are many more common illnesses 
than rare Monkeypox cases, a frequent hurdle in 
diagnosis. A key benefit is its ability to highlight 
which factors matter most. The model pinpoints the 
strongest clinical predictors of an infection, such as 
a positive PCR test, swollen lymph nodes 
(lymphadenopathy), and the distinct way a 
Monkeypox rash develops over time (see Table 1). 
Imagine a 32-year-old patient comes in with a 
fever, swollen lymph nodes, a rash that's changing, 
and a positive PCR test. Light GBM doesn't just see 
this data; it intelligently evaluates each symptom, 
assigns appropriate weight to each one, and 
calculates a clear probability score. This provides 
doctors with a powerful, evidence-based tool that 
not only improves diagnostic precision but also 
explains its reasoning, making it a trustworthy aid 
for critical medical decisions.  

 
This Light GBM-based tool offers very 

practical benefits for hospitals and clinics. In the 
midst of an outbreak, it helps medical teams 
quickly identify the most telling symptoms and sort 
patients by their level of risk. This makes triage 
faster and more effective, which is essential for 
containing the spread of the virus. A major 
advantage is its flexibility. The system is fast and 
its reasoning is clear, so it can be used in a wide 
range of settings—from advanced infectious 
disease centers to smaller community clinics in 
areas where monkeypox is a concern, even those 
with limited technology. It's crucial to understand 
that this tool doesn't replace doctors. Instead, it acts 
as a powerful support system, providing data-driven 
insights that help physicians spot cases earlier. The 
final diagnosis and treatment decisions always 
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remain in the hands of the clinician. By blending 
this modern, data-driven approach with traditional 
diagnostic methods, we can significantly strengthen 
our public health defenses. This gives frontline 
healthcare workers a sophisticated yet practical new 
weapon against emerging threats like monkeypox.) 
 
3.1.4 Classification with DNNs 

Our proposed system, we use a 
DenseNet169 model—a type of deep neural 
network that’s particularly good at understanding 
complex medical images. Its architecture is 
designed to carefully reuse details from the image, 
building a nuanced understanding of what it’s 
looking at. The process can be broken down into 
two main parts: First, the early layers scan the input 
image, detecting everything from basic edges to 
more complex textures and patterns. You can think 
of this as the model's feature extraction phase—it’s 
gathering all the visual evidence. Then, the final 
layers—called “dense” or “fully connected” 
layers—step in to make sense of all that 
information. They work like a diagnostic expert, 
synthesizing all the extracted clues to produce a set 
of likelihoods. Each possible condition—
Monkeypox, Chickenpox, Measles, or healthy 
skin—is assigned a probability. The model’s final 
prediction is simply the one it’s most confident 
about. This approach doesn’t just output a result—it 
offers a probabilistic perspective that mirrors how a 
clinician might reason through differential 
diagnosis.  

 
Unlike other models where layers can 

become isolated, each layer in DenseNet169 is 
directly connected to every layer that came before 
it. Think of it as a constant team huddle, where 
every member has access to all the information 
gathered from the very start. This design is a game-
changer for diagnosing tricky skin diseases. By 
maintaining this open dialogue, the network can 
effortlessly combine minute details—like the subtle 
texture of a lesion—with the broader context of its 
overall shape and structure. This free flow of 
information not only makes the model more 
efficient but also prevents crucial clues from getting 
lost in the process. Ultimately, this allows us to 
build much deeper, more reliable models that are 
exceptionally good at spotting the faint visual signs 
that distinguish one disease from another. 
 
3.2 Boosting Models 

For this study, we set out to predict 
Monkeypox outcomes by weaving together several 
powerful machine learning techniques and 

mathematical approaches. Our methodology relies 
heavily on a class of models known as "boosted" 
algorithms, which work by combining many simple 
models into one highly accurate predictor. The core 
tools that power our analysis is explained below. 

 
3.2.1 Light GBM (Light Gradient Boosting 

Machine) 
Light GBM is a powerful framework for 

gradient boosting that leverages decision tree-based 
learning. It is specifically optimized for high 
performance and scalability, making it well-suited 
for handling large-scale datasets. 

 
Gradient boosting Model 

Light GBM builds a series of decision 
trees, with each new tree aiming to reduce the 
mistakes made by the previous ones. It uses the 
gradient boosting technique to minimize the loss 
function, typically a log-loss function for 
classification tasks. The trees are built using leaf-
wise growth, which improves accuracy compared to 
level-wise growth. 

 

𝑆(𝜃) = ෍ 𝑙൫ 𝑧௝ , 𝑧̂௝൯

௡

௃ୀଵ

+ ෍ Ω(𝑓௥)    (1)

௡

௧ୀଵ

 

Where: 
S(θ) is the total loss 
l൫ z୨, zො୨൯   is the loss function (typically 
log-loss) 
Ω(f୰)  is the regularization function 
controlling the complexity of the trees 

 
3.2.2 Neural Networks (Deep Learning 

A deep neural network (DNN) is 
employed to capture complex, non-linear 
relationships within the dataset. The network 
consists of multiple layers, each containing neurons 
that transform input data into meaningful outputs. 
we used the below mentioned DenseNet169 Model. 

 
𝐴௟ = 𝜎(𝑊௟𝐴௟ିଵ + 𝐵௟)       (2) 

Where: 
A୪ is the Activation of layer l 
W୪ is the Weight Matrix of layer l 
B୪ is the Bias of layer l 
σ is the Activation Function 
 

Loss function 
Binary cross-entropy is used for Binary 

Classification: 
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𝑙( 𝑧, 𝑧̂) = −
ଵ

௡
෍ൣ𝑧௝ log 𝑧̂௝

௡

௝ୀଵ

+ ൫1 − 𝑧௝൯ log൫1 − 𝑧̂௝൯൧       (3)  
 

3.2.3 Stacking Classifier 
Stacking is an ensemble learning 

technique where multiple base models (Light GBM 
and Neural Network) are combined. A meta-model 
(Logistic Regression) is trained on the base models’ 
predictions. 

𝑍መ = 𝑓௠௘௧௔൫𝑓ଵ(𝑥), 𝑓ଶ(𝑥), … … . , 𝑓௠(𝑥)൯     (4) 
 

Where: 
𝑓ଵ, 𝑓ଶ, … … . , 𝑓௠   are the base classifiers 
𝑓௠௘௧௔     is the meta-classifier 
x is the input feature vector 
𝑍መ  is the final prediction 
 

3.2.4 Feature Importance (Light GBM) 
Feature importance in Light GBM is 

calculated based on how each feature contributes to 
the model’s performance. 
 
LGBM Feature selection Model: 

𝑖௜ = ෍ ∆𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦௧

௟

௟ୀଵ

(𝑖)         (5) 

  Where: 
 ∆𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦௧(𝑖) is the change in accuracy 
when feature i is removed from tree t 

 
3.2.5 ROC Curve and AUC (Area Under 

Curve) 
The ROC curve is a graphical 

representation of a classification model’s 
performance, plotting True Positive Rate (TPR) vs. 
False Positive Rate (FPR). The AUC summarizes 
the model’s ability to distinguish between classes. 
Mathematical Model 

tpr =
tp

tp + fn
, fpr =

fp

fp + tn
         (6) 

AUC Calculation 

AUC = න tpr(fpr)d(fpr)            (7)
ଵ

଴

 

Where: 
tp = true positives 
fp = false positives 
tn = true negatives 
fn = false negatives 

 

3.3 Ensemble Integration for Enhanced 
Diagnosis 

DNN-based image analysis with structured 
clinical data (processed using models like Light 
GBM) further enhances early Monkeypox 
detection. While DNNs excel at extracting and 
classifying visual features from lesion images, 
Light GBM efficiently handles clinical parameters 
such as age, symptoms, PCR results, and patient 
history. The outputs from both models can be 
integrated using ensemble methods (e.g., stacking 
with a Logistic Regression meta-classifier), leading 
to improved diagnostic accuracy, robustness, and 
interpretability. To harness the strengths of both 
approaches, predictions from the deep neural 
network (image-based) and Light GBM (clinical 
data-based) models are integrated using a stacking 
ensemble technique. 
 

Typically, a meta-classifier such as 
Logistic Regression is employed to learn the 
optimal combination of predictions from both base 
models, resulting in a final, robust diagnostic 
decision. This ensemble framework not only 
improves accuracy and robustness but also 
enhances interpretability, providing clinicians with 
 

 
 

Figure 4: Ensemble Integration for Enhanced Diagnosis 

 reliable support for early Monkeypox detection. By 
integrating advanced image analysis with structured 
clinical data modeling, this combined DNN and 
Light GBM approach delivers a comprehensive, 
AI-driven solution for Monkeypox diagnosis. It 
enables healthcare professionals to make faster, 
more informed decisions, ultimately supporting 
better disease management and public health 
outcomes. 
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4 RESULT AND DISCUSSION 
 
4.1 Efficient result for AI-Based Monkeypox 

Detection: 
Input design is the process of creating input 

formats and structures that provide data to the 
model in a clean and efficient manner. The goal is 
to ensure quality, completeness, and accuracy of the 
data used for prediction. The key to the success of 
our AI-based Monkeypox detection system is a 
carefully crafted data input system that spans 
clinical practice and machine learning needs. We 
have created an end-to-end data pipeline that 
ingests standardized data from various inputs, such 
as structured patient history in the form of Excel 
files, all important epidemiological markers (age, 
gender, and location), and unambiguously coded 
symptom information based on a simple binary 
system whereby 1 represents presence and 0 
represents absence of important symptoms such as 
fever, rash, and fatigue. PCR test results are our 
gold-standard baseline for model training, so that 
the AI is educated using validated clinical evidence 
which is depicted in the table 1 To refine diagnostic 
accuracy, our system optionally includes 
dermatological images of suspicious lesions, which 
are processed with specialized pre-processing to 
normalize color profiles and resolution prior to 
analysis. We've incorporated strict data quality 
procedures with standardized categorical coding, 
smart missing data handling, and versatile import 
formats that are also compatible with healthcare 
databases and data science pipelines. This dual-
design approach guarantees clinical usability for 
medical practitioners while fulfilling the technical 
requirements of machine learning algorithms.  

 
Table 1:  Clinical features and preprocessing 
requirements for light GBM-based model 

 
The architecture of the system not only enables 

precise real-time predictions but also include the 
image feature of the monkey pox is automatically 
extracted by the Dense Net 169 and easy 

integration with current medical record systems, 
allowing advanced AI diagnostics to be deployed in 
a wide range of clinical environments. 
Enhancements for the future will include 
enhancements of data compatibility and 
streamlining our preprocessing pipelines to further 
enhance the model's diagnostic accuracy and 
practicality in real-world healthcare settings. 
Output design refers to how the results of the 
system are presented to the user or used in 
downstream applications. 

 
Table 2: Prediction Output Features 

 
 

 
Figure 5: Light GBM for Mpox Detection System 

 
Figure 2 demonstrates the process of 

converting and analyzing categorical clinical 
features for the Monkeypox prediction model. 
Variables such as Gender, Geographical Location, 
Travel History, Symptoms, PCR Test Results, and 
Vaccination Status were initially transformed into 
numerical values using Label Encoding. This 
transformation is crucial since machine learning 
algorithms like Light GBM require numeric input 
to effectively interpret categorical data. After 
training the Light GBM model on this encoded 
data, the importance of each feature was evaluated 
to determine which factors most significantly 
influenced the prediction of Monkeypox cases. 
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These feature importance values reflect the impact 
of each attribute on the model’s predictions, 
allowing for the identification of key predictors. To 
visually communicate these findings, a bar graph 
was generated using the Sea born library, 
illustrating the most influential clinical features. 
The analysis revealed that PCR Test Result, Rash 
Type, and Swollen Lymph Nodes were among the 
top contributors affecting the model’s diagnostic 
accuracy. 

 
 

Figure 6: ROC Curve for Monkey pox detection 
 

Figure 4 depicts a performance of the 
ROC curve generated for the DenseNet169 model 
demonstrates strong performance in identifying 
Monkeypox cases from skin lesion images. With an 
AUC (Area Under the Curve) of 0.9211, the model 
shows excellent ability to differentiate between 
Monkeypox and other conditions like Chickenpox, 
Measles, or healthy skin. This means that there's 
over a 92\% chance the model will correctly rank a 
randomly chosen Monkeypox image higher than a 
non-Monkeypox one. The curve’s steep rise toward 
the top-left corner indicates high sensitivity, 
meaning the model effectively captures true 
Monkeypox cases, while maintaining a low rate of 
false positives. 
 

This level of accuracy is particularly 
important in medical applications, where early and 
reliable detection can significantly influence 
treatment decisions and containment strategies. The 
high AUC suggests that DenseNet169 is not only 
effective but also consistent in its predictions. 
Depending on the application—such as broad 
public health screenings or focused diagnostic 
tools—the model’s decision threshold can be 
adjusted to emphasize either catching more true 
cases or reducing incorrect alerts. Overall, the result 
confirms DenseNet169’s potential as a reliable tool 

in the automated detection of Monkeypox from skin 
images. 

 
Figure 7: Evaluation of Boosting-Based Models for 

Monkeypox Classification Accuracy 
 
4.2 Comparative Analysis 

The graph presents a comparative analysis of 
several boosting-based machine learning 
classifiers—AdaBoost, GBM, XGBoost, LGBM, 
CatBoost, and a Stacked DEEP LGBM model—
using four performance metrics: accuracy, 
precision, recall, and F1-score. Among these, the 
Stacked DEEP LGBM model stands out, delivering 
the best overall results with 91.11% accuracy, 92% 
precision, 91.98% recall, and an F1-score of 
90.87%. This suggests that the stacked model 
effectively balances true positives and false 
positives, making it the most reliable option. 
AdaBoost performs competitively, particularly in 
recall and F1-score, but doesn't surpass the stacked 
model. Models like XGBoost, GBM, and CatBoost 
show decent performance but display 
inconsistencies across the metrics, especially in 
recall and F1-score. This comparison highlights that 
ensemble techniques, especially deep stacked 
models, significantly enhance diagnostic accuracy 
for tasks like Monkeypox detection. 
 
5 CONCLUSION 

This study introduces Stacked DEEP 
LGBM, an ensemble framework designed to 
support the early detection of Monkeypox by 
jointly analyzing clinical data and skin lesion 
images. The model unites the feature selection 
efficiency of Light GBM with the pattern 
recognition depth of a deep neural network via a 
stacked generalization approach, consistently 
surpassing comparable methods across performance 
metrics. It achieved an accuracy, precision, recall, 
F1-scor, respectively 91.11%, 92%, 91.98%, 
90.87%, demonstrating a strong ability to correctly 
identify true cases while minimizing false positives. 
In an artificial intelligence-dominated world, this 
work contributes to integrating the image and 
clinical data features, which can be handled in a 
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single model, which enhance the reliability and 
reduce the diagnostic errors. These results show 
that artificial intelligence can afford monkeypox 
diagnostic assistance to all people with limited 
resources. Explainable AI methods can be added as 
plugins in the future, for instance, SHAP or LIME 
in this model, to refine decision-making processes 
to be more accurate and help to develop the live 
medical monitoring and testing system in different 
age & gender groups of people. These 
enhancements would maintain the Stacked DEEP 
LGBM as predominant tool in the future medical 
field  
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