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Abstract
Background  Monkeypox, a viral zoonotic disease, is an emerging global health concern, with rising incidence and 
outbreaks extending beyond its endemic regions in Central and, West Africa and the world. The disease transmits 
through contact with infected animals and humans, leading to fever, rash, and lymphadenopathy symptoms. Control 
efforts include surveillance, contact tracing, and vaccination campaigns; however, the increasing number of cases 
underscores the necessity for a coordinated global response to mitigate its impact. Since monkeypox has become a 
public health issue, new methods for efficiently identifying cases are required. The control of monkeypox infections 
depends on early detection and prediction. This study aimed to utilize Symptom-Based Detection of Monkeypox 
using a machine-learning approach.

Methods  This research presents a machine learning approach that integrates various Explainable Artificial 
Intelligence (XAI) to enhance the detection of monkeypox cases based on clinical symptoms, addressing the 
limitations of image-based diagnostic systems. In this study, we used a publicly available dataset from GitHub 
containing clinical features about monkeypox disease. The data have been analysed using Random Forest, Bagging, 
Gradient Boosting, CatBoost, XGBoost, and LGBMClassifier to develop a robust predictive model.

Results  The study shows that machine learning models can accurately diagnose monkeypox based on symptoms 
like fever, rash, lymphadenopathy and other clinical symptoms. By using XAI techniques for feature importance, the 
approach not only achieved high accuracy but also provided transparency in decision-making. This integration of 
explainable Artificial intelligence (AI) enhances trust and allows healthcare professionals to understand predictions, 
leading to timely interventions and improved public health responses to monkeypox outbreaks. All Machine learning 
methods have been compared with the evaluation matrix. The best performance was for the LGBMClassifier, with an 
accuracy of 89.3%. In addition, multiple Explainable Techniques tools were used to help in examining and explaining 
the output of the LGBMClassifier model.

Conclusions  Our research shows that combining explainable techniques with AI models greatly enhances the 
accuracy of case detection and boosts the trust of medical professionals. These models result in directly involving 
the reader and health care professional in the decision-making process, making informed decisions, and efficiently 
allocating resources by providing insight into the decision-making process. In addition, this study underscores the 
potential of AI in public health surveillance, particularly in enhancing responses to emerging infectious diseases such 
as monkeypox.
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Introduction
Monkeypox, as defined by the World Health Organiza-
tion (WHO), is a viral infection caused by the monkey-
pox virus, a member of the orthopoxvirus genus and 
closely related to smallpox, spreading globally and raising 
public health concerns [1–3]. The disease is mainly trans-
mitted from animals to humans via direct contact with 
infected animals, but it can also spread between humans 
through respiratory droplets, bodily fluids, or contami-
nated materials with symptoms including fever, head-
ache, swollen lymph nodes, and skin lesions [4–6]. Severe 
cases can lead to pneumonia, sepsis, or encephalitis [1, 
7]. Early monkeypox diagnosis is vital but symptoms 
overlap with other diseases complicate clinical assess-
ments. Figure  1 illustrates monkeypox infection, which 
typically manifests within three days following the onset 
of fever. Initially, symptoms appear on the face and sub-
sequently spread to other parts of the body. The World 
Health Organization (WHO) announced a significant 
increase in the number of infections of this virus, with 
over 318,000 cases reported in August 2022 [2] and more 
than 70,000 death cases began to appear. In addition, the 
WHO has declared the monkeypox epidemic a global 
health emergency due to the outbreak in the Democratic 
Republic of Congo (DRC) spreading to at least 13 other 
African countries, as well as potential cases in Europe 
and Asia on 14 August 2024 [8]. At the time of this writ-
ing, the World Health Organization (WHO) has reported 
over 14,000 cases and 524 deaths in Africa in 2024, sur-
passing the figures from 2023. The Democratic Repub-
lic of the Congo (DRC) accounts for nearly 96% of these 
cases and deaths. The potential case count now exceeds 
17,000, marking a significant rise from the 7,146 cases in 
2022 and almost 15,000 cases in 2023. The Africa Center 
for Diseases Control (CDC) has verified that monkeypox 
outbreaks have been reported in at least 12 African coun-
tries, including Burundi, Kenya, Rwanda, and Uganda. In 
2024, these countries have recorded a total of 2,863 cases 
and 517 deaths, with the majority occurring in the Dem-
ocratic Republic of the Congo (DRC). Suspected cases 
across the continent have risen to over 17,000, a notable 
increase from 7,146 cases in 2022 and 14,957 cases in 
2023 [9]. Figure 1 illustrate the symptoms of skin infec-
tion in monkeypox disease.

Currently, there is no specific antiviral treatment for 
the monkeypox virus (MPXV). However, supportive care 
can help manage symptoms and reduce risks. Contact 
tracing, quarantine, and isolation are crucial for control-
ling the spread of the disease [1]. Monkeypox typically 
manifests with a rash within 1–3 days after the onset of 
fever, starting on the face and then spreading to other 

parts of the body. The rash progresses through several 
stages, including macules, papules, vesicles, and pustules, 
before ultimately forming scabs [11]. Swollen Lymph 
Nodes: A notable feature of monkeypox is lymphade-
nopathy, or swollen lymph nodes, which usually appear 
early in the illness and are not a common characteristic 
of other poxviruses like smallpox [12].

However, the unexpected resurgence of monkeypox in 
new regions has raised alarms within the public health 
sector, highlighting deficiencies in outbreak response 
and healthcare systems. Issues such as delayed detection 
and a lack of vaccines have been identified as significant 
barriers. Current initiatives focus on enhancing surveil-
lance and diagnostic capabilities, and the clinical presen-
tation of monkeypox can be complex, often overlapping 
with other infectious diseases, making it challenging 
for healthcare professionals to accurately distinguish 
monkeypox from similar viral infections based solely 
on symptoms. This is particularly problematic given the 
potentially severe consequences of misdiagnosis, includ-
ing delayed treatment, ineffective containment measures, 
and the risk of further disease transmission. The recent 
monkeypox outbreak has underscored the importance of 
timely and accurate diagnosis in controlling the spread 
of the disease. While laboratory testing remains the gold 
standard for monkeypox diagnosis, access to such tests is 
limited in many regions. Imaging techniques like X-rays 
and MRIs are crucial for diagnosing medical conditions, 
but they can sometimes be misinterpreted due to vari-
ous factors. The subjective nature of image interpreta-
tion can complicate the diagnostic process, as it heavily 
relies on the radiologist’s experience. The use of AI and 
ML has significantly enhanced the management of the 
pandemic (such as Covid-19) by improving treatment, 
medication, screening, prediction, forecasting, contact 
tracing, and drug/vaccine development, while also reduc-
ing the dependence on human intervention in medi-
cal practices [13]. The integration of AI in public health 
raises significant ethical concerns, particularly regarding 
privacy and fairness. The use of AI-driven data analy-
sis may lead to unintentional biases and discrimination, 
potentially affecting marginalized groups disproportion-
ately. Furthermore, the collection and utilization of per-
sonal health information pose risks to individual privacy 
if not sufficiently safeguarded [14]. In contrast, this study 
highlights the need for alternative diagnostic approaches, 
such as clinical symptom-based predictive models offer a 
more holistic approach by considering the patient’s over-
all clinical picture, medical history, and reported symp-
toms. These assessments provide contextual clarity and 
can reveal important nuances that imaging alone may 
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miss, ultimately leading to a more accurate and compre-
hensive understanding of a patient’s health status. Recent 
advances in machine learning (ML) have demonstrated 
the potential for precise disease prediction. Explainable 
Artificial Intelligence (XAI) is becoming increasingly 
crucial in the healthcare sector, particularly in the diag-
nosis and management of disease [15]. XAI plays a sig-
nificant role in enhancing the interpretability of machine 
learning models, allowing healthcare professionals to 
understand the rationale behind predictions. This trans-
parency is vital for establishing trust in AI-driven deci-
sions, especially when using clinical data to evaluate 
disease progression and predict outcomes. Research has 
shown that XAI techniques can enhance the accuracy of 
disease predictions by providing clear insights into how 
clinical parameters affect the model’s predictions, ulti-
mately leading to more informed clinical decision-mak-
ing and personalized treatment plans [16]. By enabling 
early detection and intervention, XAI has the potential to 
reduce mortality rates associated with diseases [17]. This 
study aims to fill this gap by developing a machine-learn-
ing model that predicts monkeypox based on clinical 
symptoms while leveraging Explainable AI (XAI) tech-
niques to enhance trust and usability among healthcare 
professionals. This article adds to the current body of lit-
erature in the following ways.

 	• Develop a robust ensemble ML model that can 
accurately predict human monkeypox infection 
based on clinical symptoms.

 	• Enhancing the model’s clarity by identifying the most 
influential clinical features through XAI.

 	• Assessing the minimal changes of the input data 
leads to the risk of monkeypox for model outcome 
through diverse counterfactual explanations.

 	• Offers a decision-support tool that can assist 
healthcare professionals in the early identification 
and management of monkeypox cases through 
artefacts.

 	• Assess how the explanations generated by Qlattice 
can enhance clinician decision-making in the 
diagnosis and treatment of monkeypox cases 
detection.

The rest of this paper is organized as follows: The first 
section is the related work, and the research materials 
and methods section discuss the methodology used in 
this study. The results section presents the findings of the 
research Comparison of Model Interpretation Methods. 
The paper concludes with the Conclusion section, sum-
marizing the study’s key findings and the last section 
demonstrates limitations and future recommendations 
for future researchers.

Related works
This part of the research involved analyzing studies that 
utilized artificial intelligence algorithms to predict the 
occurrence of monkeypox disease using data from skin 
imaging. In the study [18–21], researchers assess the 
effectiveness of machine and deep learning models in 
detecting monkeypox disease using publicly available 
datasets with monkeypox, chickenpox, measles, and nor-
mal/healthy patient classes. Along with data augmenta-
tion, preprocessing, and feature selection were utilized. 

Fig. 1  The symptoms of skin infection are common in monkeypox disease [10]
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However, the study focuses on using AI to identify mon-
keypox based on images of the disease rather than its 
clinical symptoms. Image-based disease detection has 
its limitations and may not be effective in many real-life 
situations [22]. Furthermore, the study lacked explain-
ability and interpretability, which made it challenging to 
grasp the rationale behind the decisions made. There-
fore, utilizing clinical symptoms as the foundation for 
identification, and diagnostics can offer a more practical 
and effective solution. In [2], an artificial neural network 
(ANN) and an adaptive artificial bee colony algorithm 
were employed to enhance the early detection of mon-
keypox infections. The study involved 240 suspected 
cases, with the deep learning model attaining the highest 
accuracy at 75%, followed by the random forest model at 
71.1%. However, the error rate remains significantly high, 
as models often struggle to generalize beyond the specific 
data on which they were trained. Moreover, the model 
cannot elucidate the decision-making process involved in 
detecting monkeypox infections. In [1], ML techniques 
were utilized to create models that forecast the spread 
and severity of monkeypox outbreaks in several countries 
(Portugal, Spain, the USA, and Canada) from June 3 to 
December 31, 2022. Various models were assessed, with 
ANN showing the best performance. In another study 
[23], a predictive tool was developed using five ML mod-
els to analyze monkeypox trends in the United States. 
This tool employed a dataset of 1,205 reported cases 
obtained from the CDC website to forecast future trends. 
The study revealed that the neural prophet model exhib-
ited the best performance, accurately predicting cases 
with 95% accuracy based on historical data. However, the 
study did not address the model’s explainability, and the 
dataset size was limited. In [5], a time series monkeypox 
dataset from five countries was analyzed using neural 
network models. Various architectures were tested with 
different numbers of hidden layer neurons, and the opti-
mal structure was identified through K-fold cross-valida-
tion with early stopping. The ANN model had the highest 
R-value at nearly 99%, while the LSTM and GRU models 
both achieved around 98%. However, the study does not 
address the explainability of the model. Similarly [24], 
conducted a study on predicting the transmission rate of 
monkeypox using various ensemble ML techniques. The 
results indicated that stacking ensemble learning outper-
formed the other methods, achieving a root mean square 
error of 33.1075, a mean square error of 1096.1068, and 
a mean absolute error of 22.4214. However, the dataset 
for monkeypox was inadequate for training the model, 
so the COVID-19 dataset was used instead to train the 
machine-learning models. While the monkeypox data-
set was utilized for testing. Additionally, the study fails to 
address the explainability of the model [22]. A gradient 
boosting method was created for diagnosing monkeypox 

using Support Vector Machines (SVM) and Random 
Forest algorithms with data from the Kaggle dataset. 
XGBoost outperforms other models with a 1.0 accu-
racy and includes a total of 211 cases, while SHAP helps 
in analyzing and explaining its output. However, in ML 
models, small datasets can lead to overfitting, as there 
are insufficient examples for the model to learn general-
izable patterns, resulting in a lack of real-time applica-
tion to predict new, and unseen datasets. The literature 
often addresses the integration of AI tools into clinical 
workflows. Research shows that while ML models can 
improve diagnostic accuracy, their successful incorpora-
tion depends on addressing usability and interpretability 
issues to gain acceptance among healthcare profession-
als [25, 26]. A cutting-edge model for detecting monkey-
pox is introduced in this study. The model makes use of 
Residual Dilated Spatial Pyramid Integration (ResDSPI), 
Efficiency Channel Attention (ECA), and MobileNetV2 
with progressive transfer learning. It performed excep-
tionally well in both multi-class as well as binary clas-
sification tasks, achieving an outstanding maximum 
accuracy of 99.34% [27]. However, this study lacks expli-
cability and does not consider clinical symptoms to clas-
sify monkeypox disease.

Several studies have utilized various ML approaches to 
enhance accuracy, Due to the limitations of the previous 
researcher, this research focuses on expanding datasets, 
improving model interpretability, and developing acces-
sible, practical ML tools for clinicians. This includes cre-
ating explainable AI techniques that clarify the reasoning 
behind model predictions, which is essential for building 
trust and promoting adoption in clinical settings [28]. 
XAI aids clinicians in identifying the most significant 
symptoms, such as fever, rash, and lymphadenopathy, 
for predicting monkeypox. This targeted approach can 
improve diagnostic accuracy and facilitate timely inter-
ventions during patient assessments [26]. The transpar-
ency provided by XAI fosters trust among healthcare 
professionals. When clinicians understand the reason-
ing behind a model’s predictions, they are more likely 
to use AI tools for diagnostic support, which is a crucial 
step in integrating these technologies into clinical prac-
tice [29]. The proposed paper develops a robust ensemble 
ML model that can accurately predict human monkey-
pox infection based on clinical symptoms, enhancing the 
model’s clarity by identifying the most influential clini-
cal features that drive its predictions and understanding 
their contributions to the patient characteristics associ-
ated with monkeypox infection through XAI and assess-
ing the minimal changes of the input data lead to the risk 
of monkeypox for model outcome through diverse coun-
terfactual explanations. Furthermore, this research offers 
a decision-support tool that can assist healthcare pro-
fessionals in the early identification and management of 



Page 5 of 21Setegn and Dejene BMC Infectious Diseases          (2025) 25:419 

monkeypox cases by developing artefacts and this study 
assesses how the explanations generated by Qlattice 
enhance clinician decision-making in the diagnosis and 
treatment of monkeypox cases detection.

Materials and methods
Materials
We developed using Jupyter Notebook with the Python 
programming language. Additionally, we utilized scikit-
learn for machine learning tasks, Explainable AI libraries, 
and Matplotlib for data visualization. Our hardware spec-
ifications include an Intel(R) Core(TM) i7-8550U CPU 
@ 1.80  GHz, 2.00  GHz, and 12 GB of installed RAM, 
along with a 1 TB storage hard disk for handling datasets. 
Machine learning libraries are employed for data analy-
sis and model development. These libraries also function 
as AI tools to enhance model interpretability. They play 
a vital role in data analysis and model development by 
offering tools and algorithms for constructing and evalu-
ating models [30]. Moreover, these libraries facilitate the 
analysis and clarification of model predictions, enhancing 
understanding and credibility. Additionally, they aid in 
interpreting and elucidating model outcomes, promoting 
better insight and reliability [31].

Modeling approaches
In this study, an Ensemble ML model integrated with 
XAI techniques was utilized to detect monkeypox cases 
based on clinical symptoms. The approach is structured 
into data collection, preprocessing, model develop-
ment, explainability (SHAP, LIME, Eli5, counterfactual 
and Qlattice)) and artifact development as illustrated in 
Fig. 2. The models’ effectiveness is then assessed by vali-
dating them with performance metrics such as accuracy, 
precision, recall, and F1-score.

Data collection
The dataset utilized in our study is published on GitHub 
and published article by Ali Reza Farzi Pour titled 
“Detection of Monkeypox Cases Based on Symptoms 
[32]. This dataset encompasses clinical features and novel 
presentations of human monkeypox and the monkey-
pox dataset generally includes comprehensive clinical 
descriptions that provide essential information about 
the disease’s characteristics in infected individuals. This 
typically encompasses symptoms like fever and the devel-
opment of a rash. It includes only 211 identifiable cases 
remained in the dataset and 47 fields with a target vari-
able indicating whether the patient has monkeypox or 
not. A comprehensive list of symptoms is utilized to 

Fig. 2  The proposed methodology for the Monkeypox case detection
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diagnose or identify monkeypox cases based on clini-
cal presentation, including rash, skin lesions, headache, 
ulcerative lesions, oral and genital ulcers, fever, perianal 
papules, inguinal adenopathy, genital ulcer lesions, pus-
tules, cough, blisters, erythema with vesicles and pap-
ules, difficulty breathing, fatigue, muscle pain, dysphagia, 
decreased physical strength, outbreak on the skin, hands, 
chest, chills, general weakness, general discomfort, ade-
nomegaly, myalgia, itch, papules, swollen lymph nodes, 
sore throat, malaise, asthenia, diarrhea, Pain urinating, 
ulcers, loss of appetite, Vesicles, lymphadenopathy, myal-
gias, postules, encephalitis, blisters on limbs and genitals 
and monkeypox Status as a target variable. All the datas-
ets are categorical and the result contains positive (1) and 
negative (0).

Data preprocessing
Data preprocessing is a crucial first step in convert-
ing raw data into valuable information. Raw data is 
frequently incomplete, redundant, or noisy. Data prepro-
cessing can resolve these issues, allowing the data to be 
effectively used in creating ML models [33, 34]. The data-
set underwent meticulous preprocessing to guarantee its 
high quality and suitability for training machine learn-
ing models. The dataset utilised in this study contains 
all cells or fields populated with valid data; no methods 
for handling missing values have been applied. Choos-
ing only the necessary features is crucial for obtaining 
the best outcomes. Training the model on relevant data 
enhances the reliability of the predictions [35]. The fea-
tures that maintain the same value across most of the 
dataset were removed; in this research, the quasi-con-
stant feature adenomegaly was removed. In this research, 
we employed novel feature selection techniques from 
Featurewiz, including the Recursive XGBoost algorithm 
to select a reduced number of features in each iteration, 
and the SULOV method within the Featurewiz library 
that identifies pairs of variables that are highly correlated 
[36]. These methods utilize statistical analysis to assess 

the strength and significance of these relationships and 
the result illustrated in Table 1. The performance of ML 
algorithms is negatively impacted by imbalanced datas-
ets. Undersampling and oversampling are two techniques 
used to address class imbalance. While under-sampling 
can lead to the loss of crucial information and overfitting 
[37]. The application of synthetic data in health research 
can aid in developing and assessing new algorithms and 
methodologies by simulating various health scenarios, 
particularly for rare diseases or conditions with scarce 
real-world data. This can lead to more robust models 
capable of addressing a broad spectrum of health situa-
tions. Additionally, synthetic data can help mitigate bias 
in health datasets by including diverse demographic pro-
files, thereby improving the relevance of research find-
ings and promoting equitable health interventions [38]. 
Synthetic Minority Oversampling Technique (SMOTE) 
and ADASYN are both effective techniques for handling 
imbalanced data in the current era [39]. SMOTE is widely 
used for creating synthetic samples to balance class dis-
tributions and improve classifier performance, but its 
effectiveness can vary in high-dimensional spaces [40]. 
ADASYN can elevate the risk of overfitting with small 
datasets by creating synthetic samples derived from exist-
ing minority class instances. This may lead to a model 
that learns noise rather than the underlying patterns in 
the data, resulting in poor generalization to unseen data 
[41]. This study implemented the SMOTE to balance 
the dataset and prevent improper model performance. 
Figure  3 shows the SMOTE algorithm’s performance 
both before and after comparison. Correlation Analysis 
was also done to determine which symptoms are most 
strongly correlated with monkeypox infection. After 
implementing the SMOTE, the dataset now includes a 
total of 372 samples with 178 positive and 178 negative 
class. We utilized an 80/20 split for our dataset, mean-
ing that 80% of the data was designated for training the 
model, while the remaining 20% was set aside for testing.

Table 1  Result of feature selection by using featurewiz
Featurewiz feature selection ‘fever’, ‘skin 

lesions’, ‘head-
ache’, ‘rash’, 
‘muscle pain’, 
‘itch’, ‘oraland-
genitalulcers’, 
‘adenomeg-
aly’, ‘pustules’, 
‘papules’, 
‘fatigue’, ‘mal-
aise’, ‘swollen-
lymphnodes’, 
‘Vesicles’, 
‘myalgia’, 
‘sorethroat’



Page 7 of 21Setegn and Dejene BMC Infectious Diseases          (2025) 25:419 

Model development
This study explores Ensemble ML, which is highly effec-
tive in machine learning as it merges multiple models to 
enhance accuracy and perform reliably and effectively 
under various conditions [42]. Ensemble algorithms 
merge multiple individual models, such as decision trees 
(DT) or neural networks, to enhance overall performance 
and robustness.

Ensemble learning process
The training process entails selecting diverse base mod-
els and training them independently on the same dataset 
or different subsets of the data. Techniques like bagging 
and boosting are commonly employed, where models are 
trained on random samples of the data and their predic-
tions are averaged, or models are trained sequentially 
to rectify errors. The predictions from these base mod-
els are combined using methods like voting or averag-
ing to generate a final output, improving accuracy and 
minimizing overfitting. Ensemble machine learning algo-
rithms leverage key principles such as diversity, balanc-
ing bias and variance, error correction, and aggregation 
to enhance predictive accuracy by combining multiple 
models. By integrating predictions from various mod-
els, ensemble techniques can improve accuracy by cap-
turing distinct patterns in the data and lowering overall 
error rates. Strategies like error correction in boosting 
algorithms help rectify mistakes made by earlier mod-
els, while aggregation methods such as majority voting 
or averaging ensure more reliable and consistent predic-
tions, minimizing the impact of noise and outliers. These 
principles collectively enable ensemble methods to out-
perform individual models across a range of machine-
learning tasks [43]. By minimizing variance and bias, they 
produce more reliable predictions and superior perfor-
mance on new data. Their adaptability enables them to be 
utilized with a range of base algorithms, and their capac-
ity to adjust to different data traits and manage imbal-
anced datasets makes them a versatile option for a variety 
of applications.

Detailed techniques of machine learning algorithms
The Decision Tree, Support Vector Machine, Random 
Forest, Bagging, Gradient Boosting, CatBoost, XGBoost, 
and LGBM Classifier models were implemented. The 
model’s performance is validated, and its generalizabil-
ity is ensured through several steps, including splitting 
the dataset into training, and test sets via stratified sam-
pling, evaluating performance metrics, tuning hyper-
parameters, and assessing the feature impact using XAI 
methods. In Fig. 4, we observe an outline of the ensemble 
learning process. In this process, the predictions from 
each classifier are combined to form a unified prediction. 
This combination enables the evaluation of ensemble 
models using various performance metrics such as accu-
racy, precision, recall, and F1-score.

In the following section, a comprehensive explanation 
of each ensemble learning technique employed in this 
study is presented.

Decision tree classifier
Decision tree is a successful classifier used in various 
domains, built using a recursive partition process. They 
are robust to parameter selection and perform well in 
imbalanced datasets. Ensembles of classifiers consisting 
of many members are combined for the final decision, 
which is generally better if the individual members are 
accurate and diverse [44]. But DT is prone to overfit-
ting, especially when the tree is deep or when there are 
many feature and the model can be unstable when there 
is small change in the data [45].

Support vector machine
SVMs were developed in 1990 after being first presented 
in the 1960s. Compared to other machine learning algo-
rithms, SVMs are implemented differently. Their ability 
to handle a large number of continuous and categorical 
variables has led to their recent rise in popularity. How-
ever, SVM can overfit the model and be computationally 
expensive [46].

Fig. 3  (A) Unbalanced training dataset (B) Balanced training dataset using Borderline-SMOTE
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Random forest classifier
Breiman introduced the Random Forest ensemble learn-
ing technique in 2001. This algorithm, based on classifi-
cation and regression trees, is shaped by the number of 
decision trees and nodes [47]. Random Forest is a super-
vised machine learning algorithm that utilizes ensemble 
learning and consists of a collection of decision trees, 
with each tree trained on a randomly selected subset of 
the data [48]. Random forest can handle a wide variety 
of data including numerical and categorical data and also 
handle outlier and missing value. RF also reduce over-
fitting problem in decision tree and help to improve the 
accuracy. But RF can be computational expensive for 
large dataset and require a lot of memory which can be a 
constraint when working with limited resource [49].

Bagging classifier
Bagging allows multiple weak learners to work together 
to outperform a single strong learner, while also reduc-
ing variance and preventing overfitting in models. Bag-
ging can result in a loss of model interpretability and 
introduce bias if appropriate procedures are not adhered 
to. Although it is highly accurate, the computational cost 
may restrict its application in certain situations [50].

Gradient boosting classifier
Gradient boosting is a highly effective predictive mod-
elling technique that has proven successful in various 
tasks. The concept of boosting involves enhancing a 
weak learner to strengthen its performance. This method 
merges accurate prediction rules with less accurate ones 
to improve overall effectiveness. Gradient boosting algo-
rithms necessitate the optimization of a loss function, a 

weak learner for predictions, and an additive model for 
precise estimation. The initial success of boosting algo-
rithms was observed with adaptive gradient boosting 
methods [51].

CatBoost classifier
In 2018, Dorogush et al. introduced CatBoost, an 
advanced GBDT toolkit akin to XGBoost [52]. CatBoost 
tackles challenges like gradient bias and prediction shift. 
It provides numerous benefits, such as automatically 
handling categorical features as numerical attributes, 
leveraging a combination of category features to improve 
feature dimensions, and employing a symmetrical tree 
model to minimize overfitting while boosting algorithm 
accuracy and generalizability [53].

XGBoost classifier
XGBoost, a boosting algorithm introduced by Chen et 
al. in 2016, is based on gradient-boosting decision trees 
and RF methods [54]. Compared to gradient-boosting 
decision trees, XGBoost offers improvements in multi-
threaded processing, the classifier, and the optimization 
function. It also provides the following advantages: (1) 
the algorithm controls tree complexity to mitigate over-
fitting by incorporating a regularization term into the 
objective function. (2) A column sampling technique is 
employed to prevent overfitting, akin to the random for-
est algorithm. (3) The second-order Taylor expansion of 
the objective function is used to simplify and enhance the 
definition of the objective function when pursuing the 
optimal solution [53].

Fig. 4  Overview of the Ensemble Learning Procedure
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LGBM classifier
The high-performance gradient boosting algorithm, 
known as LGBM, is both fast and robust. It is employed 
for ranking and classification and is based on the decision 
tree algorithm. Unlike other algorithms that grow trees 
horizontally, LGBM grows trees vertically, specifically in 
a leaf-wise manner instead of level-wise [55]. Moreover, 
it incorporates techniques to prevent overfitting, such as 
early stopping and regularization, which have made it a 
preferred choice for data scientists and in competitive 
ML settings [56].

Model evaluation
The most crucial phase in the ML process is model evalu-
ation, which involves assessing the model’s performance 
through various metrics and techniques. This system-
atic overview of model assessment includes evaluating a 
trained model’s effectiveness, comparing multiple models 
to identify the best performer, and verifying the model’s 
ability to generalize to new data [57]. The researcher in 
this study utilized accuracy, precision, recall, F1-Score, 
and receiver operating characteristic (ROC) Curve for 
model evaluation.

Model explainability techniques
XAI is vital in healthcare for medical diagnoses, treat-
ment plans, and predicting patient outcomes. It enhances 
understanding and trust between practitioners and 
patients, fostering more ethical AI applications [58, 59]. 
XAI illustrated how ML models, frequently criticized for 
their black-box nature, can be understood by revealing 
the specific reasoning behind their predictions. This has 
allowed medical professionals to gain a deeper under-
standing and effectively apply the findings of ML mod-
els for diagnosis [60]. Therefore, we employed several 
explainability techniques in our study, including QLattice, 
Eli5, counterfactual explanations, LIME (Local Interpre-
table Model-agnostic Explanations), and SHAP (SHapley 
Additive Explanations). To identify which symptoms or 
patient characteristics were most significant in diagnos-
ing monkeypox, SHAP quantified the contribution of 
each feature to individual predictions, offering a consis-
tent measure of feature importance. By highlighting the 
most relevant features for each case, LIME provided local 
approximations of the model’s decision-making process 

for specific instances, simplifying complex forecasts. 
Eli5 significantly streamlined model explanations by 
delivering metrics and visualizations that enhanced the 
understanding of model behaviour. Counterfactual expla-
nations assisted clinicians in grasping the critical thresh-
olds for specific symptoms by illustrating how minor 
adjustments in feature values could alter predictions.

Artifact deployment
Model deployment and monitoring are the last steps in 
the model creation process. In this section, we prepare 
the model for deployment as a web application featur-
ing an interface that shows predicted probabilities and 
explanations for clinical use. developing and deploy a ML 
model on a local machine typically involves several steps 
[61]. The data flow after model deployment is illustrated 
in Fig. 5 below.

Results
Hyperparameter tuning
To select the best parameters for each algorithm, hyper-
parameter tuning using GridSearchCV was employed. 
The grid search algorithm can be utilized to identify the 
optimal hyperparameters in Sklearn [62] through “Grid-
SearchCV.” There is a reason grid search is regarded as 
the state of the art, even after years of scientific research 
into global optimization and various proposed hyperpa-
rameter optimization techniques. Its low dimensionality 
and reliability; its ease of implementation; it uncovers 
a significantly better alternative to manual sequential 
optimization [63]. The results of hyperparameter tuning 
using GridSearchCV are illustrated in Table 2.

Performance comparison
We assessed the predictive accuracy of ensemble 
machine learning models (Random Forest, Bagging, Gra-
dient Boosting, CatBoost, XGBoost, and LGBM Clas-
sifier) for detecting MonkeyPox cases. Five key metrics 
accuracy, precision, recall, F1-Score, and ROC curve 
are utilized to assess the performance of each model as 
defined in the reference [64].

	
Accuracy = TN + TP

TP + TN + FP + FN
� (1)

Fig. 5  Data flow after machine learning model deployment
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Precision = TP

TP + FP
� (2)

	
F1 − Score = 2x

Precision X Recall

Precision + Recall
� (3)

	
Recall = TP

TP + FN
� (4)

Where (TP) is a true positive; (TN), is a true negative; 
(FP), is a false positive; and (FN), is a false negative. We 
commonly use these metrics in machine learning to 
evaluate the effectiveness of classification models. We 
calculated the values of these five metrics to compare the 
models’ performance. For each model, we computed the 
values of these six metrics and compared them to identify 
which model demonstrated the highest performance. The 
optimal model for prediction accuracy is identified as the 
one exhibiting the highest performance. In addition to 
these metrics, we utilized various techniques to evaluate 
the models’ performance. One such technique involves 
the use of confusion matrices, which offer a visual rep-
resentation of the model’s true positives, true negatives, 
false positives, and false negatives. Table 3 illustrate the 
Evaluation metrics of eight ML models with parameter 
tuning before Borderline-SMOTE analysis, Table 4 illus-
trate Evaluation metrics of eight ML models with Default 
parameters after SMOTE analysis and Table  5 presents 
the Evaluation metrics of eight ML models with parame-
ter tuning after Borderline-SMOTE analysis. Here below 
are the table with result.

Before implementing Borderline-SMOTE with Param-
eter Tuning, all models demonstrated similar perfor-
mance, with accuracy levels ranging from 86.0 to 88.4%. 
Random Forest, Bagging, Decision Tree, and Support 
Vector Machine attained the highest accuracy of 88.4%, 
while Gradient Boosting also reached 88.4%. In contrast, 
LGBMClassifier recorded the lowest accuracy of 78.5% 
after applying SMOTE with default parameters. After 
applying Borderline-SMOTE with Parameter Tuning, 
LGBMClassifier achieved the highest accuracy of 89.3%, 
whereas XGBoost had the lowest accuracy of 76.9%.

In the same train and test set split, as shown in 
Tables  3, 4 and 5, for our symptom-based monkeypox 
detection, LightGBM was selected as the top-perform-
ing model due to its higher accuracy compared to other 
machine learning models assessed during the study. 
The metrics for the Light Gradient Boosting Machine 
Classifier reach 89.3, surpassing the metrics of all other 
approaches. LightGBM emerged as the optimal choice 
due to its performance edge. Its superiority for our spe-
cific application was further confirmed by its efficiency 
in training and prediction. To achieve optimal accuracy 
with the LGBMClassifier, several key hyperparameters 

Table 2  Result of GridSearchCV hyperparameter tuning
Model Hyperparameter Optimized Value
Decision Tree max_depth None

min_samples_split 10
min_samples_leaf 2
max_features sqrt
Criterion gini

Support Vec-
tor Machine 
(SVM)

C 50
Kernel rbf
Gamma auto

Random 
Forest

n_estimators 200
max_depth 1
min_samples_split 2
max_features auto
Bootstrap True

Bagging max_features sqrt
n_estimators 50
max_samples 1.0
max_features 0.75
Bootstrap False
bootstrap_features False

Gradient 
Boosting

n_estimators 50
learning_rate 0.1
max_depth 5
max_features sqrt
min_samples_leaf 1
min_samples_split 5
subsample 1.0
learning_rate 0.5

CatBoost Depth 5
n_estimators 100
learning_rate 0.5905175449124459
Iterations 947
l2_leaf_reg 7.628385045572297
bagging_temperature 0.39025608827230857
Subsample 0.9929766425198754

XGBoost max_depth 5
Subsample 1
boosting_type gbdt
num_leaves 31
learning_rate 1
n_estimators 100

LGBM 
Classifier

max_depth 28
learning_rate 0.05
n_estimators 300
Subsample 0.3
colsample_bytree 0.7000000000000001
min_child_sample 1
n_jobs 1
num_leaves 84
objective binary
random_state 100
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were optimized during the model training process as 
illustrated in Table  2. To enhance our understanding of 
the models’ effectiveness, we have included the confu-
sion matrix for each method in Figs.  6 and 7. Among 
the eight machine learning approaches tested, Light 
Gradient Boosting exhibited superior performance and 
this research demonstrates that the Synthetic Minority 
Oversampling Technique (SMOTE) can enhance predic-
tion performance on imbalanced datasets compared to 
analyses without SMOTE. By generating synthetic sam-
ples for the minority class, SMOTE effectively addresses 
the issue of class imbalance that often causes classifiers 
to favor the majority class in the original dataset. Stud-
ies have shown that SMOTE improves the model’s 

ability to enhance predictive performance and provides 
more reliable evaluation metrics across various classi-
fiers. The boosting technique involves developing mod-
els that correct the errors of previous models, leading to 
improved accuracy with each iteration. LightGBM pro-
vides insights into feature importance, allowing users to 
focus on critical factors and improve model precision. 
By combining multiple weak learners, ensemble models 
combine multiple models to produce a unified predic-
tion, often resulting in greater accuracy than individual 
models and tend to be more robust against overfitting 
compared to traditional models [43]. LightGBM cre-
ates a strong predictive model that enhances overall 
accuracy. Studies have shown that the LGBMClassifier 

Table 3  Evaluation metrics of eight ML models with parameter tuning before Borderline-SMOTE
Metrics Random Forest Bagging Gradient Boosting CatBoost XGBoost LGBMClassifier DT SVM
Accuracy 88.4% 88.4% 86.0% 88.3% 88.3% 88.3% 88.4% 88.4%
Recall 50.0% 58.6% 97.3% 88.3% 97.3% 88.3% 94.7% 94.7%
Precision 88.3% 85.5% 88.8% 85.5% 90.2% 85.5% 92.3% 92.3%
F1_score 63.8% 69.5.1% 92.8% 86.9% 93.6% 86.9% 95.4% 87.6%
ROC 50.0% 72.2% 77.1% 75.0% 86.0% 75.0% 57.4% 63.4%

Table 4  Evaluation metrics of eight ML models with default parameters after SMOTE
Metrics Random Forest Bagging Gradient Boosting CatBoost XGBoost LGBMClassifier DT SVM
Accuracy 87.0% 87.5% 88.4% 87.5% 87.5% 78.5% 86.6% 79.4%
Recall 87.0% 87.9% 88.7% 87.5% 87.5% 78.5% 86.6% 79.4%
Precision 86.6% 89.7% 88.3% 90.0% 90.0% 82.9% 89.5% 79.5%
F1_score 86.8% 88.8% 88.4% 88.7% 88.7% 80.6% 88.0% 79.4%
ROC 87.0% 87.9% 89.0% 87.9% 87.9% 79.2% 87.1% 75.8%

Table 5  Evaluation metrics of eight ML models with parameter tuning after Borderline-SMOTE
Metrics Random Forest Bagging Gradient Boosting CatBoost XGBoost LGBMClassifier DT SVM
Accuracy 88.0% 88.4% 87.5% 85.1% 76.9% 89.3% 87.0% 86.6%
Recall 87.9% 88.7% 87.9% 85.1% 76.7% 89.2% 86.6% 87.0%
Precision 87.5% 88.3% 87.5% 85.7% 80.5% 91.2% 86.0% 86.6%
F1_score 87.7% 88.5% 87.7% 85.4% 78.6% 90.2% 86.3% 86.7%
ROC 87.9% 88.8% 88.0% 85.1% 76.5% 89.7% 90.1% 90.5%

Fig. 6  Demonstrates the ROC curve of the Gradient Boosting model for monkeypox case detection with a Confusion matrix (The text describes a confu-
sion matrix in which classes are designated as “0” for “no monkeypox disease” and “1” for “monkeypox disease.“)
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outperforms Random Forest, Bagging, Gradient Boost-
ing, CatBoost, XGBoost, and Decision Trees (DT) on 
small datasets regarding training speed and scalability. 
This advantage stems from its leaf-wise tree growth and 
efficient histogram-based algorithms. Furthermore, the 
LGBMClassifier frequently exceeds SVM in both accu-
racy and speed, particularly on small datasets [65]. Also, 
LGBMClassifier computational efficiency and scalability 
render it ideal for real-time monitoring and public health 
interventions in low-resource settings. Its rapid train-
ing and inference, coupled with low memory consump-
tion, have demonstrated an ability to effectively manage 
large-scale epidemiological data while preserving high 
accuracy and efficiency. Recent studies have underscored 
its effectiveness in predicting and responding to monkey-
pox outbreaks, establishing it as a viable option for public 
health interventions. The Light Gradient Boosting model 
is cost-effective and can be utilized in healthcare systems 
for monkeypox case detection along with explanation 
techniques like SHAP, LIME, Counterfactuals, and Eli5. 

These techniques offer insights into the reasoning behind 
the model’s predictions.

Explanation of ML models
To get an insight into features that are most important 
for the Light Gradient Boosting model prediction, the 
SHAP values plot of every monkeypox case feature was 
analyzed.

Waterfall plot Shap explanation for the LGBMClassifier model
The waterfall plot serves as a visual tool for compre-
hending ML models. It aids in grasping the importance 
of each feature in predicting the output for a particular 
instance. The initial prediction is displayed at the top of 
the plot, followed by the individual contributions of each 
feature. Each feature’s impact is represented by a bar, 
with bars extending downwards for features that reduce 
the prediction and upwards for those that increase it [66].
In Fig. 8E[f(x)] = 0.483 gives the average predicted num-
ber of monkeypox across all rows. F(x) =-0.602 is the pre-
dicted number of monkeypox for this particular record. 

Fig. 8  Provides insights into the predictions made by the LightGBM (LGB) classifier model using Shap explanation

 

Fig. 7  Demonstrates the ROC curve of the Light Gradient Boosting model for monkeypox case detection with a Confusion matrix (The text describes a 
confusion matrix in which classes are designated as “0” for “no monkeypox disease” and “1” for “monkeypox disease”)
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The SHAP values are all the values in between. Ex: head-
ache in the plot has increased the predicted number of 
monkeypox by 1.31. Features pushing the prediction to 
class 1 (Monkeypox positive) are shown in red, and those 
pushing the prediction to class 0 (Monkeypox negative)) 
are in blue.

Force plot
A force plot is another method for visualizing the impact 
of each attribute on the forecast for a certain observa-
tion. Figure 9 begins with the same base value of 0.4829 
and examines how each attribute contributes to the final 
monkeypox case detection.

The plot above illustrates the impact of each feature 
on moving the model output from the baseline predic-
tion (average predicted outcome across the testing data-
set) to the actual model output (y_test value). Features 
that increase the prediction are highlighted in red, while 
those that decrease the prediction are highlighted in blue. 
In the bar plot, the features are arranged in order based 

on their impact on the prediction. It considers the abso-
lute SHAP values, so it makes no difference whether the 
feature influences the prediction positively or negatively. 
Figure  10 shows which clinical symptoms are most sig-
nificant, by comparing the means SHAP values across 
all observations for each clinical feature. We can observe 
for example, that fever in the plot had the highest mean 
SHAP value.

In addition to the SHAP global explanation, local 
model explanation techniques with the help of ELI5 were 
performed to evaluate how the explainers provide inter-
pretation to the LGBMClassifier model for monkeypox 
case detection. The ELI5 explanation enables research-
ers to comprehend black-box models and has capabilities 
for many platforms [67]. To make the LGBMClassifier 
model predictions more interpretable, the prediction 
of the model was presented as a sum of feature contri-
butions and bias. Figure  10 shows how the monkeypox 
features lead to a particular prediction of the weights for 
each feature and their actual value. The weights depict 

Fig. 10  Shape bar plot for Monkeypox cases Detection form clinical symptoms

 

Fig. 9  a, b, c Represent SHAP force plot visualization represents the impact of each feature on the model’s output, illustrating how each feature contrib-
utes to the prediction and aiding in understanding the importance of different features in the model
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how influential each feature has been in contributing to 
the final prediction decision of the LGBMClassifier. As 
shown in Fig.  10, the top five influential features of the 
LGBMClassifier model prediction, are fever, oral and 
genital ulcers, swollen lymph nodes, fatigue, and sore 
throat. The ELI5 feature importance shown in Fig.  10 
demonstrates that muscle pain and skin lesions have little 
contribution as compared to the other features for the 
LGBMClassifier prediction of the instance used in the 
simulation. The fever of the patient has the highest weight 
contributing the most to the prediction outcome of the 
model. We conclude that ELI5 is good at explaining the 
feature weight demonstrating the features contributing to 
the prediction outcome of the developed LGBMClassifier 
model monkeypox cases detection (Table 6).

we have also used the LIME explainable approaches to 
explain the predictive model. LIME is an approach that 
emphasizes the human aspect of connecting AI with 
humans. It specifically addresses model confidence and 
prediction confidence as its primary focus areas. LIME 
presents a unique explainable AI system that delivers 
explanations for predictions on a local scale [68]

As demonstrated in Fig.  11, the fever contributed 
much to the LGBMClassifier model predicting the given 
instance as monkeypox positive according to the expla-
nation provided by LIME. Likewise, skin lesions and itch 
contribute to the model’s prediction pushing the model 
to predict the instance of the monkeypox or positive 
class. In contrast, some of the features such as oral and 
genital ulcers, swollen lymph nodes, sore throat, fatigue, 
malaise, vesicles, and pustules pushed the model towards 
the negative or monkeypox-negative class.

Prediction involves mapping certain elements of the 
world (inputs) to other elements of the world (outputs) 
through the use of data. Another model explanation 
tool, Counterfactual prediction utilizes factual informa-
tion to predict specific elements of the world that would 
have occurred in a different scenario [69]. The standard 
counterfactual approach aims to fulfill the objectives of 
XAI by providing counterfactuals. These counterfactu-
als provide insights into how the outcomes of a machine-
learning model might have differed if modifications were 
made to the input variables [69]. Table 7 illustrates how 
the change in features affects the final result.

Qlattice employs a wide range of potential models to 
determine the most appropriate solution for a specific 
problem. Abzu employed QLattice to improve model 
transparency, questioning the core assumptions of black-
box artificial intelligence. This simulation employs quan-
tum-inspired assessments to enhance our understanding 

Table 6  Eli5 explains model predictions for Monkeypox case 
detection
Y=0 (probability 0.795, score -1.355) top feature
Contribution Feature
+ 2.178 Fever
+ 0.571 Oral and genital ulcers
+ 0.120 fatigue
+ 0.096 Sore throat
+ 0.085 rash
+ 0.056 malaise
+ 0.043 vesicles
+ 0.023 myalgia
-0.010 pustules
-0.117 headache
-0.138 itch
-0.296 papules
-0.308 Muscle pain
-0.483 BIAS
-0.616 Skin lesions

Fig. 11  Visualization of the local contribution of clinical features through the LIME model in classifying a single test instance using the LightGBM Model
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of data interactions. QGraphs are used for result inter-
pretation, consisting of edges, registers, and activation 
functions. Each attribute is associated with a register, 
with connections formed through edges. Activation func-
tions are utilized on the registers to generate meaningful 
insights [70, 71]. Users can adjust parameters such as 
input properties and variables. These parameters, known 
as registers, are utilized to construct a “QGraph” model, 
which consists of edges and nodes with weights and acti-
vation functions. Once training is complete, crucial attri-
bute information is generated. QLattice is built using the 
“Feyn” library in Python. Figure 12 represents a QGraph. 
From the figure, it can be seen that the model considers 
fever, itch, headache, skin lesions, and oral and genital 
ulcers as the most important attributes. This model also 
uses the “multiply” and “addition” function to interpret 
results. To illustrate the relationships and importance of 
different clinical symptoms in monkeypox case detection, 
our study makes use of QGraph. The model’s emphasis 
on important symptoms such as fever, itching, head-
aches, skin lesions, and oral and vaginal ulcers is depicted 
in the diagram. Utilizing Qlattice’s XAI tool to investi-
gate how symptoms affect the model’s decision-making. 
Each attribute’s importance is determined by how well it 
helps the model forecast cases of monkeypox. The mod-
el’s behavior can be visualized to help physicians better 
comprehend its outcomes and identify important symp-
toms while evaluating patients. Health care profession-
als can use QGraph and Qlattice to make well-informed 
decisions based on clear and intelligible model out-
puts, highlighting the significance of explainability in AI 
applications.

Comparison of model interpretation methods
The methodological difference between previous studies 
and this study is that this study investigates the perfor-
mance of six ensemble ML methods for human mon-
keypox case detection using Featurewiz feature selection 
techniques, implementation of real-time monkeypox 
case detection using Ensemble ML model for clinicians 
to input patient data, and receive predictions output and 
compared model interpretation methods. Table  8 illus-
trates the methods used for interpreting model predic-
tion for monkeypox case detection. The interpretation 
result of the three model explanation methods, namely, 
SHAP, LIME, and ELI5 is discussed in this section. The 
interpretation of the LIME, ELI5, and SHAP differs as the 
explanation of each method is different for similar test 
instances used in the experiment, as depicted in Table 8. 
The explanation generated by ELI5, LIME and Shap pro-
vides model interpretation showing that fever contrib-
utes to model prediction. However, the SHAP and LIME 
explanation interprets the model prediction output to 
be due to the skin lesions as the highest contributor or Ta
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reason for the model’s prediction of the test instance as a 
monkeypox-positive case next to fever.

The differences in feature importance rankings among 
SHAP, LIME, and ELI5 underscore how these methods 
collaborate to provide physicians with a deeper under-
standing of monkeypox symptoms. Healthcare profes-
sionals can enhance diagnostic accuracy by leveraging 
these insights, especially in resource-limited settings 
where timely and accurate symptom-based screening is 
crucial. Alongside specialized training and flexible guide-
lines, incorporating these explainability techniques into 
clinical practices can boost their relevance and accep-
tance in real-world healthcare environments.

Model artifact
Real-time data ingestion and processing systems are 
essential for delivering data to analytics and machine 
learning platforms. These systems greatly influence the 
efficiency and effectiveness of data analysis and machine 
learning algorithms, enabling the end user to predict 
monkeypox cases to address the unique challenges posed 
by this dynamic data ingestion ecosystem. In this section, 
we used Flask API to design artefacts using the best-per-
formed ML algorithm based on the important feature to 

predict symptom-based monkeypox. To develop an arte-
fact, we pickle the best-performed model and develop 
a flask API that connects the pickled model and the 
developed interfaces. As shown in Fig. 13 below the user 
inputs the relevant feature and the flask API give the 
result of the prediction based on the developed model. 
Early detection of monkeypox is essential for timely 
treatment and the prevention of further transmission. 
One method for detecting monkeypox is through symp-
tom-based surveillance. This approach involves monitor-
ing individuals who exhibit symptoms characteristic of 
monkeypox. It aids in the early identification and isola-
tion of cases, thereby preventing the spread of the dis-
ease. By concentrating on the symptoms associated with 
monkeypox, healthcare providers can swiftly identify and 
diagnose cases, resulting in improved outcomes for both 
patients and the community.

Discussion
An explainable AI framework utilizing machine learn-
ing techniques proved effective in detecting monkeypox 
symptoms. The incorporation of explainable AI methods 
tackles the challenges of accurate detection and transpar-
ency in AI-driven healthcare tools. The LGBMClassifier, 
along with tools such as SHAP, LIME, ELI5, counterfac-
tual, and QLattice, strikes a balance between predictive 
performance and interpretability. This approach offers 
clear insights into prediction features, aiding healthcare 
professionals in making confident diagnoses. The use of 
counterfactual explanations facilitates the exploration 
of alternative diagnoses, enhancing the tool’s utility in 
clinical settings. Previous studies do not compare differ-
ent model interpretation methods. This research utilized 
a dataset based on symptoms (211 cases, expanded to 
372 using SMOTE) with clinical features such as fever, 
rash, and lymphadenopathy, prioritizing interpretability. 
However, current advancements are focused on image-
based deep learning models (like CNNs and DenseNet) 
trained on skin lesion images, achieving higher accura-
cies of 97.63% [29]. These models typically depend on 
larger datasets but do not incorporate clinical symp-
toms. This study achieved an accuracy of 89.3% with 

Table 8  Comparison of model explanation methods
Feature 
Rank

ELI5 LIME SHAP

1. Fever Fever Fever
2. oral and genital 

ulcers
skin lesions skin lesions

3. swollen lymph 
nodes

Itch Headache

4. Fatigue oral and genital 
ulcers

oral and gen-
ital ulcers

5. sore throat swollen lymph 
nodes

Rash

6. Rash sore throat Muscle pain
7. Malaise Fatigue swollen 

lymph nodes
8. Vesicles Malaise itch
9 Myalgia Vesicles Fatigue
10 Pustules Pustules others

Fig. 12  the use of QGraph to explain model predictions for Monkeypox cases detection
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LGBMClassifier, which is lower than leading image-
based models but competitive within symptom-based 
approaches. For instance [22], reported 100% accuracy 
on a similar small dataset but did not address class imbal-
ance or real-world applicability. Our research employed 
various XAI techniques (SHAP, LIME, ELI5, and coun-
terfactuals, Qlattice) to enhance transparency. We iden-
tified key symptoms (such as fever and swollen lymph 
nodes) that influence predictions, which is essential for 
clinical confidence. However, previous studies [18, 21, 
71] lacked explainability. The incorporation of multiple 
XAI tools in this study is a unique contribution, and we 
also developed a Flask-based web interface for real-time 
symptom input and prediction, bridging AI research with 
clinical practice. Nonetheless, current research indicates 
that few studies implement practical tools; many remain 
theoretical or focus on retrospective analysis [23, 24]. 
Also Studies [1, 2, 5, 18, 21, 23], and [71] have evaluated 
ML/DL models for monkeypox detection; however, they 
often omitted explanations of the models. Although [22] 
improved accuracy using SHAP, it did not explore other 
interpretability tools such as LIME, ELI5, counterfac-
tuals, or QLattice, which offer actionable insights and 
visualize prediction criteria. This study addresses these 
gaps by comparing multiple XAI methods for monkey-
pox detection, emphasizing interpretability to enable 
faster and more precise diagnoses, timely interventions, 
and efficient resource allocation, ultimately enhancing 
public health outcomes during outbreaks. Table 9 shows 
a few new diagnostic techniques for monkeypox. The 
use of symptoms for diagnosis with the XAI tool is the 
primary difference between these approaches and the 
suggested strategy. The study identifies crucial clinical 
symptoms of monkeypox that can be utilized to create 

a symptom-based diagnostic tool for healthcare profes-
sionals. The implementation of this tool in real-world set-
tings may be obstructed by limited access to technology, 
variability in symptom presentation, and the necessity for 
training healthcare workers. Addressing these challenges 
may involve focused training programs, collaborations 
with local health organizations, and public awareness 
campaigns to diminish stigma and promote early report-
ing of symptoms. Meta-analyses aggregate data from 
multiple studies to quantitatively estimate effect sizes 
[72], while systematic reviews offer a structured approach 
to summarizing literature using predefined protocols 
[73]. By employing computational methods, machine 
learning can detect patterns in large datasets and reveal 
non-linear correlations. Merging the precision of sys-
tematic reviews and meta-analyses with the flexibility of 
machine learning enables a thorough understanding of 
research issues.

3. Conclusions
The rise of monkeypox as a significant public health issue 
highlights the need for fast and precise detection meth-
ods. Conventional diagnostic techniques often lack speed 
and efficiency, causing delays in response and potential 
outbreaks. The practical advantages of using XAI in the 
symptom-based detection of Monkeypox are substan-
tial. Employing XAI offers numerous benefits, such as 
enhancing diagnostic accuracy, fostering trust in AI tools, 
and improving training for healthcare professionals. This 
transparency facilitates a deeper understanding of model 
predictions, helps identify key symptoms associated with 
Monkeypox, and leads to faster diagnoses, timely treat-
ments, and improved patient outcomes.

Fig. 13  Symptom-Based Detection of Monkeypox Interface
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This study aims to create an explainable AI framework 
using machine learning algorithms for symptom-based 
monkeypox detection, to enhance diagnostic accu-
racy and enable timely interventions with a transparent 
and interpretable diagnostic tool that can be trusted by 
healthcare professionals. This research demonstrates 
that machine learning models can effectively analyze 
and identify symptom patterns linked to monkeypox. 
LGBMClassifier model shows high accuracy in distin-
guishing between monkeypox and similar conditions 
based on clinical symptoms with an accuracy of 89.3%. 
Incorporating explainable AI techniques enhances trans-
parency, enabling healthcare professionals to understand 
AI-driven recommendations. By utilizing clinical patient 
information, the model improves its predictive abili-
ties. A user-friendly interface ensures easy integration 
of this technology into healthcare providers’ workflows, 
bridging the gap between advanced AI tools and practi-
cal medical applications. This application could be used 
in healthcare settings to provide immediate risk assess-
ments based on patient symptoms. By integrating the 

application with existing health information systems and 
connecting it to a centralized database for continuous 
data gathering, the model can adapt to emerging trends. 
Implementing a feedback loop to learn from real-world 
outcomes and training healthcare professionals on how 
to use the tool effectively will be crucial for proactive dis-
ease surveillance and response. This study has significant 
implications for public health and disease management. 
The proposed AI framework can lead to quicker public 
health responses by enabling faster and more accurate 
monkeypox detection, potentially reducing transmis-
sion rates. Improved detection methods also allow for 
better allocation of healthcare resources, ensuring tar-
geted interventions. Policymakers can use insights from 
this research to develop proactive strategies for manag-
ing outbreaks and enhancing epidemic preparedness. 
Using XAI for symptom-based detection of Monkeypox 
presents practical advantages. XAI improves diagnostic 
accuracy by offering clear explanations of model pre-
dictions, aiding healthcare professionals in understand-
ing the underlying data and pinpointing key symptoms. 

Table 9  Comparative analysis of diagnostic methodologies used for MonkeyPox
Reference Technique Description Limitation
 [2] ANN with the adaptive artifi-

cial bee colony algorithm
The deep learning model achieved the best 
result with an accuracy of 75% from clinical 
symptoms

The proposed model achieved an accuracy of 71%, 
yet it was outperformed by deep learning models, in-
dicating that further efforts are required to enhance 
and refine the ANN.

 [18] A deep learning model was 
used, and a distinction was 
made between monkeypox 
and other diseases

Image-based dataset with A Siamese Deep 
Learning model and an accuracy of 91.09%

The model concentrates on analyzing skin lesions 
associated with monkeypox, potentially overlooking 
other clinical indicators and diminishing its effective-
ness in real-world diagnostic environments. Although 
it demonstrates high accuracy, the resemblance of 
monkeypox lesions to those of other diseases may 
lead to misclassification.

 [74] Deep and machine learning. By integrating multiple types of data, includ-
ing clinical, laboratory, environmental, social 
media, demographic, and geospatial data 
ECNN prototype in training and testing. 
Extended Convolutional Technique attained 
an accuracy of 88.10%.

Many deep learning models function as “black 
boxes,” creating difficulties in understanding their 
decision-making processes. Hence, the concept of 
XAI emerges.

 [29] Deep Neural Networks 
(DNNs) for detecting Monkey-
pox disease with a dataset 
comprising skin images of 
three diseases: Monkeypox, 
Chickenpox, Measles, and 
Normal cases

DenseNet201-based architecture has the 
best performance, with Accuracy = 97.63%, 
F1-Score = 90.51%, and Area Under Curve 
(AUC) = 94.27

The dataset used for monkeypox diagnosis is clini-
cally unapproved, limiting its representation of the 
full spectrum of symptoms and variants, and its 
resilience in clinical settings.

 [1] Machine learning techniques, 
namely ANN, Long Short-
Term Memory, and Gated 
Recurrent Unit models

ANN models, particularly those with 
optimized Root Mean Squared Error, Mean 
Absolute Percentage Error, and the Coef-
ficient of Determination values, are effective 
in infectious disease forecasting

The CNN model neglects clinical symptoms such as 
fever, lymphadenopathy, and muscle soreness, disre-
garding their significance for diagnosis. The variability 
of monkeypox lesions, particularly those resembling 
other diseases, heightens the risk of misdiagnosis.

Proposed Method: Ensemble ML techniques

Symptom-based dataset with an accuracy of 89.3%. Using LGBMClassifier and XAI (SHAP, LIME, eli5 counterfactual and Qlattice). Explainable AI makes symptom-
based detection algorithms more transparent so that medical practitioners may comprehend its justification. This technique can improve public health interventions 
by more accurately and early detecting monkeypox cases. The model is a useful decision-support tool because of its practical use and resilience across a variety of 
datasets. By focusing on specific symptoms, XAI minimizes overlap among viral infections. Real-time feedback and explanations facilitate quicker clinical decision-
making, facilitating earlier monkeypox detection and treatment, and improving patient outcomes
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This transparency builds trust in AI-driven tools and 
facilitates more effective training for healthcare work-
ers. Ultimately, XAI can result in earlier diagnoses, timely 
interventions, and enhanced patient outcomes during 
Monkeypox outbreaks. The clinical relevance of selected 
symptoms for Monkeypox matched well with the Cen-
ters for Disease Control and Prevention’s (CDC’s) Mon-
keypox Case Definition. According to the CDC’s Case 
Definition for Monkeypox, which includes a distinctive 
rash or lesion, the selected symptoms meet the criteria: 
lymphadenopathy, fever, and other systemic symptoms, 
along with epidemiological connections to endemic 
regions or confirmed cases. The WHO also emphasizes 
the significance of rash development and lymphadenopa-
thy in differentiating monkeypox from related illnesses 
such as varicella (chickenpox).

Research limitations and recommendations
The study acknowledges certain limitations, such as the 
model’s performance being contingent on the quality and 
diversity of input data due to the study’s dataset of 211 
cases poses challenges for the model’s generalizability 
due to overfitting and the difficulty of capturing various 
patterns. Despite efforts to address class imbalances, the 
small sample size may result in subpar outcomes with 
new data. We acknowledge this limitation and advocate 
for larger datasets to enhance reliability and real-world 
deployment. Collaboration, public datasets, and data 
augmentation can expand the dataset and improve the 
accuracy of conclusions. Future research should priori-
tize increasing the dataset size to enhance accuracy and 
pattern capture. Symptom-based detection may overlook 
asymptomatic cases or variations in symptoms, poten-
tially resulting in missed diagnoses. Another potential 
limitation of this study is that the correlation analysis 
used to measure the relationship between the synthetic 
and original data produced by SMOTE required more 
research. Additionally, this study sets the stage for future 
research on AI applications in diagnosing other infec-
tious diseases, promoting a transformative approach to 
utilizing technology in public health initiatives. Future 
studies should concentrate on integrating genomic 
data with environmental factors to enhance the predic-
tive power of models. Longitudinal studies can evalu-
ate performance over time and across various outbreak 
scenarios. Further studies are also necessary to evaluate 
the performance of the LGBMClassifier on various geo-
graphic and genomic datasets to confirm its effectiveness 
across different regions and healthcare settings. This will 
help establish its reliability and suitability for real-time 
monitoring of monkeypox in resource-limited areas, 
thereby enhancing public health intervention strategies. 
Furthermore, incorporating additional demographic and 
geographic characteristics could further enhance the 

model’s generalizability. Future research may also explore 
the use of real-time data sources such as social media or 
medical reports to develop a more dynamic detection 
system. It will be crucial to address ethical considerations 
when implementing AI systems in public health to ensure 
responsible use and minimize biases in symptom inter-
pretation and disease prediction.
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