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Abstract 

 

The World Health Organization designated monkeypox as a disease of public health 

importance. The United States and the rest of the world are experiencing an outbreak of 

monkeypox. The damage brought on by this pandemic can be reduced if instances can 

be predicted in advance and precautions that are required can be taken right away.  Seven 

distinct classification algorithms are employed for the categorization of monkey pox 

disease such as LR, DTC, KNN, RF, NB, XGB, QDA classification classifiers. Four evaluation 

measures were employed to compute the classification accuracy in this study. The four 

criteria used to evaluate the seven classification algorithms are F-Score, Accuracy, 

Precision, and Recall. The analysis was based on experimental study demonstrates that 

the Extreme Gradient Boosting algorithm (XGBoost) outperforms other classification 

algorithms and achieved a superior accuracy rate of 71%. In order to train eight different 

models for precise prediction, this paper took a variety of physiological factors and used 

machine learning algorithms like LR, DT, K-N, RF, NB, XGB, SGD and QDA Classification. 

The algorithm with the highest accuracy for this task was XGBoost, which had a result of 

about 70%. 

 

 

Copyright: © 2024 by the authors. This is an open-access article distributed under the 

terms of the Creative Commons Attribution-NonCommercial 4.0 International License. 

(https://creativecommons.org/licenses/by-nc/4.0/) 

1. Introduction 

The transmission of monkeypox virus to people occurs by 

scratches or attacks from infected rodents and monkeys, 

as well as direct contact with their body fluids or the 

eating of undercooked infected meat. The transmission 

of the virus can occur via human-to-human contact, 

facilitated by the entry of saliva droplets into the eyes, 

mouth, nose, or wounds. . Additionally, transmission can 

also occur through contact with contaminated objects. 

The British Medical Journal identifies nine symptoms or 

characteristics that can suggest exposure to the virus, 

namely muscle aches, enlarged lymph nodes, fever, 

rectal pain, sore throat, penile enema, oral lesions, 

swollen tonsils, and specific illnesses such as HIV. 

Nevertheless, the presence of these symptoms does not 

automatically indicate an imminent infection. Testing in 

Massachusetts revealed an orthopox viral infection on 

Tuesday evening, and this afternoon, CDC labs confirmed 

that it is monkeypox [1]. Beginning in May 2022, people 

in various nations, including the UK, Spain, Portugal, and 

the USA, were being affected by a large number of 

monkeypox viruses [1]. However, because the virus 

resembles other pox viruses, early detection and 

prediction are challenging. An excellent alternative to 
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depending on labor-intensive human identification may 

be an intelligent computer-aided detection system. In 

1958, two epidemics of a pox-like disease emerged in 

colonies of primates kept for investigations, hence the 

name 'monkeypox.'  The Monkeypox virus (MPXV) was 

initially identified and reported in 1958 following the 

discovery of two outbreaks of the disease in cynomolgus 

macaques by the Staten’s Serum Institute (Copenhagen, 

Denmark) [2]. In August 1970, the far-flung village of 

Bokenda in the equatorial region of the Democratic 

Republic of the Congo (DRC) reported the first human 

case of monkeypox. The initial occurrence of monkeypox 

in humans was recorded in the Democratic Republic of 

the Congo in 1970, during a concentrated effort to 

eradicate smallpox [2]. 

In May 2022, however, it was verified that a viral 

outbreak of monkeypox had begun in the United 

Kingdom. The first acknowledged case was verified on 

May 6, 2022, and there are no established travel 

connections between reported cases and an endemic 

area. In light of this, this dataset contains cases of 

monkeypox collected daily by Global Health and utilized 

by the World Health Organization. For information on 

symptoms, hazards, and more, please consult this WHO 

article. 

Artificial intelligence (AI) has a subfield called 

machine learning (ML), which has profoundly changed 

the healthcare system. On the obtained data, ML and 

deep learning (DL) techniques can be applied to uncover 

information that was previously concealed, keep track of 

the patient's health to spot issues, and notify about 

potentially fatal circumstances [3]. K-NN and SVM from 

machine learning and Vision Transformer and RestNet50 

from deep learning are compared to determine the 

effectiveness of this study. Convolutional neural 

networks (CNNs) that have been layered together, 

coupled with transfer learning, pretrained models like 

RestNet50, and specially created hyperparameters are 

used to extract the features from the input photos [4]. In 

this study on the number of infected patients and the 

daily increase worldwide. While this was going on, a 

comparison study comparing the performance of the 

RNN-based LSTM model with the Auto Regressive 

incorporated Moving Average model (ARIMA) had been 

employed [5]. This study proposes a Mitchell-based 

intervention strategy for the early stages of a pandemic 

that somewhat clarifies the machine learning concept [6 

,7]. In the majority of cases, the illness is self-limiting, with 

just symptomatic therapy. However, some patients may 

experience significant medical problems [8]. The 

research design involves machine learning techniques 

which can be applied to the collected data to find 

evidence that was previously unknown, observe the 

patient's health to find life-threatening conditions, and 

alert about them [9]. This makes it easier to develop 

reliable and accurate diagnosis methods. High-resolution 

images are produced by X-rays, compelling significance 

imaging, computed tomography and other modalities 

and they can occasionally be difficult to comprehend, 

even for a radiologist with experience. Pathologists and 

radiologists can benefit greatly from ML since it 

consistently produces extremely precise and applicable 

diagnosis models [10]. Among the study cohort 

automated methods have been utilized to diagnose 

malignancies [11], neurological illnesses [12], 

cardiovascular problems [13], fractures and many other 

conditions. Drug and vaccine development also makes 

use of ML and DL models. 

The seven classification models used in this study to 

categorize the types of monkey-pox in female patients. 

Seven distinct classification algorithms are employed for 

the categorization of monkey pox disease such as LR, 

DTC, KNN, RF, NB, XGB, QDA classification classifiers. Four 

evaluation measures were employed to compute the 

classification accuracy in this study. This study used a 

combination of qualitative and quantitative analysis of 

proposed classification models are also traditional 

machine learning methods. 

 

2. Materials and Data Source 

2.1. Datasets collection 

We used a Monkey-Pox dataset of different patients 

which is readily accessible here [14]. We collected these 

datasets for prediction of monkey-pox in different 

patients. We employed synthetic dataset for 

classification. This kernel's goal is to demonstrate several 

feature encoding techniques that are employed in 

competitions. Categorical features are frequently found 

in datasets. And what exactly is feature encoding. It 

entails converting a categorical flexible into a continuous 

variable so that it may be used in the model [15]. 

2.2. Label Encoded features extraction method. 

Machine learning models exclusively operate with 

numerical data. To ensure accuracy, it is important to 

convert the categorical values of the required attributes 

into numerical representations. The term used to 

describe this procedure is feature encoding. Data frame 

analytics carries out feature encoding in an automated 

manner. In this paper used label encoding is a method 

employed to transform categorical variables (texts) into 

numerical representations. A distinct numerical value is 

assigned to each distinct category.   
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Figure. 1 Proposed Framework Model

Given that the majority of machine learning models are 

only capable of processing numerical data, it proves 

highly advantageous to utilize techniques that require 

numerical input. We broken down the inner workings of 

label encoding and show you how to do it in Python. 

As a straightforward illustration, imagine a dataset 

that describes several diseases, with the "disease 

'monkeypox " column including categorical values like 

"positive monkeypox," "negative monkeypox,". Label 

encoding converts categorical information into a 

numerical format by giving each distinct category a 

distinct numerical label [16]. The monkeypox virus 

dataset, which is utilized for validation and 

demonstration, was obtained from Kaggle [17]. 

Feature Extraction: The monkeypox disease 

effected relevant features or properties that utilized to 

distinguish between the two classes are taken from the 

datasets. If our input X has 11 independent test set 

features, and only 10 of these affected the label or target 

monkeypox labels values while the other one such as 

“Patient ID” are insignificant or uncorrelated, then we 

used these 10 features for the model training [18]. 

2.3. Proposed method 

This research proposes seven classification models to 

enhance the precision of monkeypox datasets as shown 

Figure 1. XGBoost is a highly efficient and adaptable 

distributed gradient boosting toolkit that has been 

designed to be portable [19, 20]. The XGBoost algorithm 

was developed by Chen and Guestrin in 2016 [21]. 

It provides parallel tree boosting and is an enhanced 

version of the GBDT (Gradient Boosted Decision Tree) 

technique (often referred to as GBM) [39]. The predicted 

output yˆ of the model can be computed using an input 

feature vector x = [x1, x2, …, xn] T in the following 

manner: 

( )ˆ ,
1

k
y f x f

k kk
= 

=
  (1) 

"Extreme Gradient Boosting" is the abbreviation for the 

algorithm known as XGBoost. XGBoost is a distributed 

gradient boosting library that aims to be fast, adaptable 

and easy to use. The Gradient Boosting framework is 

used for its implementation.  

Boosting is a method of ensemble learning that uses 

a chain of relatively weak individual classifiers to produce 

a robust final classifier. The bias-variance trade-off is an 

area where boosting algorithms shine. When compared 

to bagging algorithms, which solely address high variance 

in a model, boosting is seen as more efficient because it 

addresses both sources of error (bias and variance). 

eXtreme Gradient Boosting is what we mean when we say 

XGBoost. Because of its scalability, it has recently gained 

in popularity and is now the standard for structured data. 

XGBoost is an expedited variant of gradient boosted 

decision trees (GBM) that focuses on speed and 

efficiency. 
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Monkeypox virus hazard prediction model for 

monkeypox effected patients was created using the 

ensemble method extreme boosting gradient (XGBoost) 

and associated to the other seven widely-used traditional 

ML algorithm, comprising random forest [22], support 

vector machine (SVM), and logistic regression [23]. The 

gradient boosting framework is the basis for the 

integration technique known as XGBoost. Column 

sampling is supported by XGBoost, in contrast to typical 

gradient boosting decision trees, which can lessen 

overfitting and calculation. For samples with missing 

values, XGBoost also takes into account a sparse matrix 

and can automatically determine its splitting direction. 

The overall response rate was with random split the 

moneybox dataset into training and test sets with equal 

numbers of 2000 positive and 2000 negative cases in a 

8:2 ratio.  The models were evaluated using 5-fold cross-

validation: the ROC area under curve (AUC), accuracy, 

recall, specificity, and F1-score. For continuous features, 

the data were normalized using the mean and variance 

of the feature, and the missing values were filled in with 

the means of each feature. All experiments were 

executed on the isolated intranet using the Python 3.6.5 

kernel for data processing and modelling, under the 

environment manager Anaconda of the Linux server. 

Using the Python programming language and the Scikit-

learn module, we implemented 4 algorithms [24]. 

2.3.1.  Trained the model. 

System training: Data is often split 80:20, with 80% 

serving as training data and the remaining 20% serving as 

testing data. For 80% of the data in training sets, we feed 

both input and output. The model solely uses training 

data to learn. To create our model, we employed a variety 

of machine learning methods (But specially we proposed 

XGBoost model). As once our proposed XGBoost model 

implemented based on our test set datasets. The 

remaining 20% of the data, which the model has never 

seen before, is given into it during testing time. The 

XGBoost model predicted a value, which we compared to 

the actual output to determine accuracy. 

2.3.2.  Supervised learning Method 

We conducted all analyses using supervised learning, a 

machine learning methodology, is widely utilized in 

various sectors such as bio-medical, bioengineering, 

finance, and health informatics. Supervised machine 

learning is a method in which an algorithm is trained 

using labeled data to make predictions or assessments 

based on the input data. 

The algorithm establishes the correlation between 

the input and output data in supervised learning. The 

labelled dataset consists of input and output data pairs, 

which are used to train this mapping. To generate 

accurate forecasts for novel, unexpected data, the 

algorithm endeavours to comprehend the relationship 

between the input and output data. 

In supervised learning, input characteristics and their 

accompanying output labels make up the labelled 

dataset. The features or traits of the data that are used 

as input features are used to produce predictions, and 

the desired outcomes or targets that the algorithm tries 

to predict are known as output labels. In classification, an 

approach learns to forecast a category-based output 

variable or class label, such as monkeypox negative case 

or monkeypox positive case [25]. 

2.3.3.  Evaluations of classification models 

The efficiency assessment of each model is determined 

using four essential measures: accuracy, precision, recall, 

F1-Score, These metrics are described as follows [26]. 

P n
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These indicators are frequently employed in machine 

learning to assess the efficacy of classification algorithms. 

In order to evaluate the performance of the models, we 

computed the values of six metrics for each model. 

Subsequently, we compared these values to determine 

which model exhibits the highest performance. The 

model that exhibits the highest level of performance is 

regarded as the optimal model in terms of prediction 

accuracy. Furthermore, we employed additional 

methodologies to assess the efficacy of the models, in 

addition to the aforementioned indicators. A crucial 

phase in machine learning is the evaluation of a 

classification model for monkeypox disease prediction 

model, which aids in determining how well the model 

performs and can generalize to new, untested data. 

Depending on the monkeypox infected human disease 

prediction problem and objectives, a classification model 

can be evaluated using a variety of metrics and 
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methodologies. We used and employee list of frequently 

used evaluation metrics: 

 

Classification Accuracy: The ratio of cases that were 

successfully monkeypox patient effected classified to all 

of the examples in the test set. It is a straightforward and 

understandable metric, but in unbalanced datasets when 

the majority class dominates the accuracy score, it may 

be deceptive. 

 

Confusion matrix: A table used to construct multiple 

assessment metrics that displays the number of true 

positives, true negatives, false positives, and false 

negatives for each class. 

 

The proportion of true positives over all projected 

positives is measured by precision, whereas the 

proportion of true positives over all real positives is 

measured by recall. These measurements are helpful 

when there is a trade-off between false positives and 

false negatives or when one class is more significant than 

the other. 

 

Calculated as 2 x (precision x recall) / (precision + recall), 

the F1-Score is the harmonic mean of precision and 

recall. For unbalanced datasets where both accuracy and 

recall matter, it is a useful statistic. 

 

ROC curve and AUC: For various threshold values of the 

decision function of the classifier, the Receiver Operating 

Characteristic (ROC) curve is a plot of the true positive 

rate (recall) against the false positive rate (1-specificity). 

The total effectiveness of the classifier is measured by the 

Area Under the Curve (AUC), with values ranging from 0.5 

(random guessing) to 1 (perfect classification). 

 

Cross-validation is a method for getting a more accurate 

assessment of the model's performance by splitting the 

data into many folds, training the model on each fold, 

then testing it on the others. In order to avoid overfitting, 

it is crucial to select the right evaluation metric(s) 

depending on the particular problem and needs and to 

evaluate the model using separate test data. 

 

3. Results 

As an illustration, we employed confusion matrices, 

which serve as a graphical representation of the model's 

true positive, true negative, inaccurate positive, and 

inaccurate negative predictions. Table 1 displays the 

comparative outcomes of seven machine learning 

models. 

 

 

Tabel 1. Comparison analysis of seven machine learning 

models  
Accuracy precision recall f1-

score 

LR 0.66 0.68 0.89 0.77 

DT 0.66 0.69 0.87 0.77 

KN 0.64 0.7 0.78 0.74 

RF 0.68 0.7 0.86 0.77 

NB 0.69 0.69 0.91 0.79 

XGB 0.70 0.71 0.88 0.79 

QDA 0.68 0.69 0.90 0.78 

 
The algorithms' performance has been evaluated using 

their accuracy percentage rate. The proposed different 

machine learning algorithm's entire performance metrics 

on the monkey pox Dataset. We have covered the 

outcomes of the experimental investigation of the 

suggested system in this part. This work employed 

experimental analysis through the use of various 

machine learning algorithms on the dataset for the 

monkey pox for label-based classification. The accuracy 

of the algorithms is first determined, and the confusion 

matrix for the high accuracy classifier has been created 

based on the high accuracy rate of XGBosst model 

obtained score 70%. As shown in the Table 2 lists the 

accuracy (in percentage) attained by various algorithms. 

 

Table 2. Accuracy comparison performance 

ML Classifiers Accuracy  

LR 0.66 

DT 0.67 

K-NN  0.64 

RF 0.68 

NB  0.68 

XGB  0.70 

QDA 0.68 

 
We can see from the data in the above table that, when 

compared to the other classifiers, the XGBoost classifier 

had the highest accuracy percentage. The curve depicted 

in Figure 2. shows the acquired accuracy rate. 

The XGBoost classifier offers the maximum 

accuracy on the dataset in question because forecasting 

quality is dependent on proximity. On a multiclass 

dataset, the XGBoost classifier efficiently produces 

results that are competitive. As a result, given the 

suggested model, XGBoost classifier has the maximum 

accuracy. 
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Figure 2. Different algorithm comparison based on accuracy. 

 

3.1. Seven machine learning classifiers performance based 

on ROC(AUC) 

To quantify and show the total experimental outcome, 

the most renowned statistical methods, such as accuracy, 

precision, recall, and F1 -score, are used. These are their 

definitions: We used 5-Fold cross validation on the 

pretrained building design models with the mechanisms 

to classify monkeypox among other related diseases 

(monkey pox or non- monkey pox).  XBG Classifier is the 

best models based on 5-fold-wise performance in a two-

class approach as shown in Figure 3. 

 

 
Figure 3.  Best models based on 5-fold-wise performance in a 

two-class approach. 

4. Future Work 

In future work, additional techniques and strategies will 

be employed to enhance the performance of the model, 

such as utilizing supplementary methodologies and 

approaches for word embedding (e.g., doc2Vec) and text 

labelling (e.g., Azure Machine Learning). In addition, our 

objective is to utilize deep learning and transformer 

techniques to enhance the accuracy of sentiment 

analysis and emotion prediction. 

We discovered the dataset and trained classifiers on 

it. We implemented text normalization before training 

and testing our models, and then trained the model using 

80% of the dataset and remaining 20% of the dataset for 

testing, respectively. 

 

5. Discussion 

Seven different modified machine learning-based models 

are proposed and tested in this study in an effort to 

distinguish between patients who have monkeypox 

symptoms and those who do not.  We evaluated the 

accuracy of our proposed models by utilizing 70% 

confidence intervals from existing literature, as our 

dataset consists of a limited number of examples. In 

order to train seven different classification models for 

precise prediction, this paper took a variety of 

physiological factors and used machine learning 

algorithms like LR, DT, K-N, RF, NB, XGB, SGD and QDA 

Classification. The classification algorithm with the 

highest accuracy for this task was XGBoost, which had a 

result of about 70%. 

6. Conclusion 

The ongoing monkeypox outbreak is a cause for alarm on 

a global scale. It would be responsible to plan for 

increasing results even though the coronavirus infection 

in 2019 was not as dangerous as it was. AI usage in health 

science applications and research has greatly increased 

in recent years. Here, we conducted a thorough 

evaluation of the most recent AI-related techniques used 

to challenge the monkeypox virus. We used machine 

learning, a branch of artificial intelligence, to anticipate 

the result of an event by utilizing contemporary methods. 

The fast miner tool was used in this paper to create a 

machine learning model that predicted the outcome of 

the monkey pox outbreak from the cases. The 

experiment used a variety of supervised learning 

classifiers, and the outcomes were demonstrated 

through comparative analysis. The data clearly show that 

the XGBoost classifier attained an accuracy rating of 

70.03%. With Random Forest, 0.68% and Decision tree, 

0.67%, respectively, accuracy have been attained. We can 

apply this model to more datasets in the future. We can 

compare accuracy rates with more data and utilize other 

performance metrics to extend the model's bounds. 
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