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ABSTRACT 
As the largest organ in the human body, the skin is a protective barrier against all external threats in humans as well as in animals. Pox diseases are a type of viral infection that spreads throughout the body. Skin infections that come under the pox category remain a global health concern. The major pox diseases are monkeypox, chickenpox, cowpox, and smallpox. The most dangerous among them is smallpox, which is the deadliest in history. To cure these infections, traditional methods are used by evaluating through visualization; this leads to inaccurate results and creates confusion between poxes. Although the polymerase chain method is a laboratory test for the identification of pox diseases, it has better predictions and high accuracy. After COVID-19, artificial intelligence grew. Here, the machine learning techniques recognized and identified diseases accurately without any medical support. By the way, machine learning in artificial intelligence has a variety of methods to identify pox diseases, and these methods are reviewed. This review paper concentrates on the machine learning methods that can be used for the identification and classification of pox diseases.  
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1.  INTRODUCTION
The largest organ in the body, the skin serves as a barrier to keep the body in balance, protect against infections, and prevent injuries [1]. The skin is susceptible to a range of conditions including infections, allergies and inflammatory disorders which can interfere with its normal function and result in symptoms like rashes, lesions, and scarring [2]. Skin diseases such as pox diseases are linked because both involve viral infections that cause skin rashes and lesions needing specific treatment and diagnosis. Both humans and animals can contract pox diseases [3] which are a class of viral infections caused by different kinds of poxviruses and under the Orthopox virus family [4]. In humans well known pox diseases include smallpox, chickenpox, monkeypox, Cowpox and molluscum contagiosum [5].
1.1 POX DISEASES AND ARTIFICAL INTELLIGENCE
Pox diseases are infections caused by the virus called Poxviridae, which affects humans and animals. The major classes of poxes are smallpox, cowpox, monkeypox, and chickenpox [3]. Identification of these viral diseases is a long procedure. Recently, artificial intelligence has played a serious role in the biomedical field, which leads to the easy identification of pox diseases. Through different machine learning techniques, pox diseases can be detected, classified, and monitored through the dataset containing medical information. There are many techniques in machine learning.
1.2 SMALLPOX 
The Orthopoxvirus family member is the variola virus which cause smallpox. Its most serious and high feared infection which having high death rates and serious health issues [6][7].

The smallpox major symptoms are high fever, weakness, and a type of unique rash that develops in different stages as normal flat spots as macules, then as raised bumps as papules, fluid-filled blisters as vesicles, pus-filled lesions as pustules, and finally scabs. Smallpox spreads through the air when the infected patient coughs or sneezes and can spread through close contact with the infected patient. The virus only spreads when the area is contaminated, potentially infecting others who keep in close contact with the patient [8].
In history, the origin of smallpox was found in Egypt and in Indian texts suggesting its presence in early 1500 BCE [9]. In Europe, 400,000 people were killed yearly in the 18th century, affecting many regions [10]. In 1796, Edward Jenner developed the vaccine for smallpox, which was a breakthrough in its prevention [10][11]. In 1967 the World Health Organization (WHO) conducted an eradication program [8]. In the 1980s in all parts of the world smallpox is eradicated [12]. The success of the vaccine has also raised a concern about the possibility of using the virus as a bioweapon [13]. In 1796 Edward Jenner discovered the cowpox vaccine, which changed how smallpox was eradicated. This led to the global vaccination efforts and the elimination of smallpox in 1980 [14].
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figure 1: smallpox
1.1.2 COWPOX 
Cowpox is a member of the Orthopoxvirus family; it is more closely similar to other viruses in the variola virus. The vaccinia virus is used in the smallpox vaccine [6]. Cowpox infection can be spread from animals to humans The major cause of cowpox is cowpox virus (CPXV). It majorly affects the rodents, which are natural reservoirs. It can also affect domestic animals like cats, cattle, and sometimes humans [15]. In humans, cowpox appears visually as pustular lesions mainly on the hands and face. The major symptoms are fever and swollen lymph nodes [13]. Cowpox infections are mild; then the boy doesn't compare to smallpox, and it will go its own way. The cowpox plays a main role in the development of smallpox vaccines. Cowpox was a major thing in Jenner's discovery of vaccination. Edward found that those who had cowpox were immune to smallpox. He tested and discovered the vaccine by testing on a boy by spreading cowpox, and he didn't get the smallpox [14]. The PCR is the diagnostic tool that is used to identify the poxes. The methods to identify poxes using CRISPR-based diagnostics, next-generation sequencing (NGS), and antigen tests are becoming increasingly important in virology due to their speed, accuracy, and ability to detect various pathogens. PCR is still one of the most commonly used methods for detecting viral infections due to its reliability [16].
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figure 2: cowpox
1.1.3 MONKEYPOX
Monkeypox, caused by the monkeypox virus (MPXV), belongs to the poxviridae family [17]. Monkeypox was first identified in laboratory monkeys in 1958, and in 1970 it was confirmed in humans in the Democratic Republic of Congo [18]. The major symptoms of monkeypox are fever, headache, swollen lymph nodes, and rashes. The pox has different stages, starting as flat spots and raised bumps, then blisters and pus-filled lesions, before forming scabs and healing [19]. Monkeypox human infections usually occur through direct contact with infected animals. Human-to-human transmission can spread through respiratory droplets, skin lesions, or any contaminated objects, but it is less efficient than smallpox [20]. In 2003, an outbreak occurred in the US linked to imported animals. Human-to-human transmission was observed but remained less efficient than smallpox [21].
In 2017, a large outbreak occurred in Nigeria and cases spread to neighbouring countries like the US with a minimum of 200 cases [21]. By mid-2002 over 79,655 cases were reported with a minimum number of deaths [22]. In 2023 and into 2024 ongoing outbreaks have continued to cause concern with efforts focused on reducing transmission. As of 2024, the global situation of monkeypox (Mpox) remains concerning [23]. By 18 August 2024, twelve countries reported 3,562 confirmed pox cases, including 26 deaths. Most cases were in the Democratic Republic of the Congo (3,235), Burundi (153), and the Central African Republic (45). In the first seven months of 2024, there were over 14,000 cases and 511 deaths far exceeding the total cases in 2023. This sharp increase shows the need for better detection tools [25].
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figure 3: monkeypox
1.1.4 CHICKENPOX
Chickenpox also known as varicella is a highly contagious viral infection caused by the varicella-zoster virus (VZV) a member of the herpesvirus family [26]. The disease is characterized by an itchy red rash that starts as small bumps then progresses to fluid-filled blisters which eventually scab over [27]. Chickenpox is most common in children but can also affect adults who have not previously been infected or vaccinated [28]. The virus spreads easily through respiratory droplets or direct contact with the fluid from the blisters. Symptoms can include fever fatigue and a general feeling of being unwell [29]. Chickenpox is usually mild it can cause complications especially in adults’ pregnant women and those with weakened immune systems [30]. Vaccination is the most effective way to prevent chickenpox. Chickenpox has been around for centuries and was common especially in children before a vaccine was created [31]. The virus that causes chickenpox was discovered in the late 1800s. In 1995 a vaccine for chickenpox was introduced which helped reduce the number of cases and deaths. Before the vaccine about 100 to 150 people died each year in the U.S. from chickenpox. Today with the vaccine chickenpox is much less common and not as deadly.
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figure 4: chickenpox
1.2 ARTIFICIAL INTELLIGENCE 
Artificial intelligence is developing machines through the algorithms that are capable of doing work like humans do. The primary tasks will involve solving complex problems, interacting with various languages, and comprehending pixel patterns. The major goal is to develop a machine that automatically thinks, learns, and rectifies errors according to the new situations. The AI is used to decrease the human power by applying automation in machinery in all fields [32]. In pox disease detection, AI plays a huge role. By using the advanced algorithms and machine learning techniques, AI can handle a large amount of data accurately and identify the patterns that may be hard for humans to recognize. By the way, this improves the accuracy and efficiency of pox detection, resulting in majorly better results in healthcare settings [33]. The methods used in machine learning are continuously evolving, allowing for more sophisticated analyses and predictions. Techniques such as deep learning and neural networks are increasingly being integrated into pox detection systems, enabling them to adapt and learn from new data, thus further enhancing their performance over time [34]. As a result, healthcare professionals can focus on more critical aspects of patient care, employing their expertise where it is most needed. Furthermore, the integration of AI in pox detection can facilitate faster responses to outbreaks, enabling swift public health interventions to prevent further spread [35].

2. MACHINE LEARNING TECHNIQUES IN POX DETECTION  
Machine Learning is a subset of AI that is concentrated on to develop the ability of machine to learn from the given data [32]. The past ai tools where partially operated manually by adding the rules and logics programmed ml algorithms which allows the machine to automatically learn from the data and improve gradually without any repetitive actions for each task.  Machine Learning is designed to recognises the patterns, predictions and making decisions on processing data. Machine Learning is converting industries by making data driven decisions fast and accurate [36]. Machine Learning is majorly used in many fields such medical field for diagnosis of diseases, fraud detection and personalized recommendations. Deep learning is subset of AI, based on artificial neural networks developed for too fast processing as human brain. Deep Learning is capable of learning from unstructured data like audio, video, image and text and automatically extracting complex features from they data [37].
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figure 5: Types of machine learning
2.1 SUPERVISED LEARNING  
Supervised learning is a machine learning type that majorly involves tasks that will produce functions that address the inputs to the correct outputs, focusing on classification tasks where the learner approximates a function to map vectors into already defined classes on input-output examples [38]. The process of learning has two parts, which are named "train and test." The training does the process of training the model, which learns the features from the data provided for training by using the algorithm to build a model. The process of testing the model executes predicted outcomes, which are for the production of data. The final result is the classification of the data, denoting the model’s prediction [39]. There are three major techniques used in supervised learning: a decision tree, naïve Bayes, and a support vector machine.
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Figure 6: supervised learning  
2.1.1 DECISION TREE 
A decision tree is a supervised learning technique used for classification and regression problems; it is the easiest and most visual model that solves issues. The flowchart of the decision tree is with nodes and branches where connected; the nodes represent the questions, and the branches represent the most possible answers. The flow of the algorithm of the decision tree will end in the last node, where it provides the final solution/decision of the classification or regression. This method is popular because it is understandable by visualizing, handles noisy, unnecessary data well, and performs competitively in many situations. This makes them useful in fields like data analysis, machine learning, and big data [40].
[image: ]
figure 7: decision tree
2.1.2 NAIVE BAYES
Naive Bayes is a type of supervised machine learning algorithm, focuses on the classification of data it is all based on the baya’s theorem. It derives that features of independent, this can simplify calculations and that can make the method efficient. the naive bayes algorithm is trained with the labelled data, this can evaluate the probabilities of the various classes, enabling that to predict the class of the new inputs. simple by nature, used well in machine learning applications, its majorly in the high dimension data, making it a reliable choice for a variety of problems [41].
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figure 8: naive bayes
2.1.3 SUPPORT VECTOR MACHINE
Support Vector Machine is a supervised machine learning technique majorly employed for the classification and regression tasks. It aims to define an optimal plane those can be the best which separates data points into different classes. SVM is popular because of its effectiveness and high dimensional spaces and has proven highly successful in different prediction tasks [42].
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figure 9: support vector machine
2.2 UNSUPERVISED LEARNING
Unsupervised learning is a type of machine learning that analyzes and organizes unlabeled data without any  human power. The objective is to  recognize hidden patterns or natural groupings within the data. The major key techniques are  clustering, detection, association, and autoencoders. It is not like supervised learning; it removes the need for labeled datasets and provides greater flexibility and automation. Unsupervised learning is effective in fields such as computer vision, speech recognition, autonomous vehicles, and natural language processing. Common algorithms include k-means clustering and principal component analysis [43].
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figure 10: unsupervised learning
2.2.1 K-MEANS CLUSTERING
K-means clustering is a popular unsupervised technique in machine learning that splits data into kk clusters or groups. The primary goal is to ensure that those data points inside a particular cluster are as similar as possible while the clusters are as different as possible. This algorithm assigns each data point to its respective close cluster center and subsequently updates that cluster center based on the average of the assigned points. Once all the iterations are over, the algorithm stops when the cluster centers stop changing due to convergence. K-means is the method commonly used for data clustering, pattern recognition, and image segmentation [44].
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figure 11: k-means clustering
2.2.1 PRINCIPAL COMPONENT ANALYSIS
Principal component analysis is an unsupervised mechanism used in the machine learning domain to diminish dimensional space in its raw data form. It helps convert high-dimensional datasets into a low-dimensional representation while retaining the essential variance information. PCA simplifies data, eases visualization, and improves the efficiency of other algorithms, all while retaining the crucial information by determining the principal components [45].
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figure 12: principal component analysis
2.3 SEMI SUPERVISED LEARNING 
Semi-supervised learning usually refers to a machine-learning technique whereby a larger amount of unlabeled training data is combined with a smaller quantity of labeled training data. The method comprehensively combines the best of supervised and unsupervised learning in that it takes into account the guidance offered by labeled data and also uncovers patterns and structures in the unlabeled data. It is particularly useful in situations where cost factors into, say, labeling data is burdensome or costly, thereby allowing for improved performance of the model with minimal labeled data [46].
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figure 13: semi supervised learning
2.3.1 TRANSDUCTIVE SVM
The Transductive Support Vector Machines are a semi-supervised learning approach that employs both the labeled training data and some unlabelled test data-TSVM under its use during training. It takes full advantage of the structure of the dataset to improve the decision boundary, thus reducing misclassifications. The recommendation is that TSVM is applied when the test dataset size is significantly larger than that of the training dataset, thereby extending predictive capabilities [47].
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figure 14: Transductive svm
2.3.2 GENERATIVE MODEL 
Generative models are statistical models that optimize the geography of the joint probability distribution of the input data and output labels, whereby such models can generate new data points that are similar to those of training data and can be employed in data augmentation tasks and semi-supervised learning tasks. They incorporate supervised data by enhancing learning when there is a dearth of labeled data by adding synthetic samples [48].
2.3.3 SELF TRAINNING 
 In self-training, a model is trained initially on a small labeled dataset and subsequently used to predict unlabeled data. The predictions with high confidence level are finally included in the labeled set and retraining is done on the new dataset. This iterative approach employs unlabeled data in order to obtain better performance from the model [49].
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figure 15: self- training
2.4 REINFORCEMENT LEARNING 
Reinforcement learning is a method of machine learning in which a machine interacts with an environment to learn ideal behavior.  It does so through a process of taking action and receiving rewards or penalties in such a way as to maximize cumulative rewards over time.  In contrast to supervised learning, reinforcement learning does not depend on labeled training data but rather on trial-and-error exploration to see what effects its actions will entail.  Such information allows the agent to iteratively refine its course of action in response to other observed or guessed consequences, thereby improving performance in the future.  This approach is well suited to issues where an explicit definition of a solution is unavailable; one must find the latter through interaction with the environment [50].
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figure 16: reinforcement learning
2.5 MULTI TASK LEARNING 
Multi-task learning (MTL) provides an application in machine learning with the objective of enhancing the performances of several related tasks while jointly learning the various tasks alongside each other. The basic intuition behind MTL assumes that jointly learning related tasks can yield better results than learning them separately. Multi-task learning can be thought of in supervised, unsupervised, semi-supervised, active, reinforcement, online, or multi-view learning setups. Using the relationships among tasks, MTL addresses some of the issues, such as sparsity in the data, and enhances overall learning performance across various tasks, making the resultant models much more efficient and effective [51].
2.6 ENSEMBLE LEARNING 
Ensemble learning involves the training of multiple models by grouping predictions from each one and dispatching the performance of a single model.  The fundamental idea is the utilization of the individual strengths of any number of fundamental models and integrating their predictions to get better results.  Different basis learners, like decision trees, neural networks, or support vector machines, are trained using ensemble methods. The output of these base learners is then combined using methods like weighted averaging, majority voting, or stacking.   By lowering bias and variance, these methods improve the model's accuracy and strength.  Ensemble learning has been widely used in medical diagnosis, fraud detection, and sentiment analysis, beating single-model approaches in almost every situation.   Many machine-learning researchers and practitioners now choose this approach due to its success and adaptability.  The three main categories of ensemble learning are stacking, bagging, and boosting [52].
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figure 17: ensemble learning
2.6.1 BOOSTING 
Boosting is an ensemble learning technique that effectively merges several weak learners to form a combined strong learner. Boosting works by adding models sequentially and adding new models to the ensemble to improve previous ones specifically targeting that model's errors. The iterative procedure thereby refines the accuracy and stability of the ensemble model. In ensemble classification, boosting is among the famous methods that have been shown to outperform other methods in terms of accuracy, precision, and computational efficiency [53].
[image: ]
  figure 18: boosting
2.6.2 BAGGING
 Bagging is an ensemble machine learning technique for building multiple models from the same dataset and pooling their predictions to obtain improved overall predictive accuracy. Random samples are made from the training data, and individual models are trained on each sample, concentrating their outputs to make a final prediction. This way, variance in the model is reduced, thus providing better generalization capacity and more reliable and robust performance [54].
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figure 19: bagging
2.7 NEURAL NETWORKS
Artificial neural networks are machine-learning systems that follow the architecture and function of the human brain, which consists of interconnected nodes called neurons.  Typically, neurons are composed of three layers: an input layer, which attaches input features; middle or hidden layers, which extract features; and an output layer, which makes predictions or identifies output classes. Due to the ability of neural networks to learn non-linear complex relationships in data, those models can provide excellent predictions for tasks such as image recognition, natural language processing, or speech recognition. This is because, during the training process with big data, they can learn to extract and generalize important features and general relationships on their own. Neural networks are robust for many applications. This is mainly due to their capability of learning from data without requiring explicit programmatic instructions. The training process alters the connections between neurons such that the prediction errors are minimized. This enables the network to find relationships in the data from which even a person may find it challenging to extrapolate. Neural networks exhibit good generalization to new and unseen data and thus are less sensitive to noise and missing inputs in real-world cases. These features make neural networks a successful and powerful approach in machine learning and artificial intelligence because of their flexibility and ability to learn [55].
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figure 20: neural network
2.7.1 SUPERVISED NEURAL NETWORK
Supervised neural networks are a group of machine learning models that learn from labeled data, that is, with suitable input-output pairs. The network learns such a mapping by optimizing its internal parameters to map the input to the output, typically in an iterative way using gradient descent. These networks have done quite well in areas such as classification, regression, and sequence prediction, achieving state-of-the-art performance in commercial applications. The phenomenal success for their cause has also been worked upon for elaborating recent years' well-being on the size of labeled datasets that enable the network in learning complex patterns and interrelations within data [56].
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figure 21: supervised learning
2.7.2 UNSUPERVISED NEURAL NETWORK
Unsupervised learning is a machine learning approach in which a model learns to characterize input patterns in a manner reflecting the inherent structure of the entire dataset itself. Hidden structures are unveiled in unlabeled data by inferring a function. In other words, nowhere in the training process is any output label used. Unsupervised learning algorithms can be defined as those techniques and methods of training wherein the algorithms learn from unlabeled data with no guidance on discerning data classes. Inputs are large datasets and features associated with each observation? Even though the outputs are not specified, the model learns to identify patterns and relationships within a dataset by itself [57].
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figure 22: unsupervised neural network
2.8 INSTANCES BASED LEARNING 
Instance-based learning (IBL) is a subset of machine learning where the model is represented directly by the training instances, without any form of abstraction or generalization. Classification in IBL is commonly achieved by finding the nearest neighbour(s) among the training set and using their class label(s) to derive the prediction for the new point of interest. Primarily, it is in deciding the training instances whose knowledge to store that lie as a bottleneck, as keeping all instances will end in excessive memory usage, thus becoming rather sluggish during the classification phase. Sometimes, there may be shortcomings in terms of scalability and less coverage of the entire supervised space from such an instance-based framework. However, some schemes, like mining non-linear hypersurfaces and similarity-based pattern classification, are good in terms of memory consumption and speed [58].
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figure 23: Instances based learning
2.8.1 K NEAREST LEARNING
The k-nearest neighbour (KNN) algorithm is among supervised machine learning algorithms that serve predominantly in classification tasks and finds extensive applications in disease prediction. KNN classifies unlabeled data on the basis of labels and features of the training data. The algorithm classifies the data points based on the closeness of the testing query to the k nearest data points in the training set to the query. After determining these neighbours, KNN further considers the final classification based on majority voting from among the neighbours in the training set. The algorithm is thus simple but efficient for pattern recognition and classification tasks [59].
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figure 24: k nearest learning
2.9 CONVOLUTIONAL NEURAL NETWORK 
Convolutional Neural Networks (CNNs) in particular are the best for image and video recognition tasks by capturing spatial hierarchies [60]. CNNs pass images through layers: convolution layers for feature detection, pooling layers to shrink the image size, and fully connected layers for classification [61].
2.9.1 PRETRAINED NETWORKS
Transfer learning is another popular practice in deep learning, which uses the pre-trained model and adapts it for a new but related task [62] to reduce the extensive training process while improving performance as it helps especially when there is very little data available for the new task. Various well-known architectures include AlexNet, VGG, ResNet, and GoogLenet, which are known to work well for image classification tasks[63] [64]. AlexNet includes a series of convolutional and fully connected layers [65], while VGG, with the count of 16, proves to be good in classification and localization. ResNet takes care of the vanishing gradient by incorporating shortcut connections, while GoogLenet introduces the inception modules to achieve better feature detection [66]. All these models along with the other efficient alternatives like SqueezeNet and InceptionResNet promote the creation of many images processing tasks which continues to improve performance and efficiency of use in real-world applications.
 2.9.2 TRANSFER LEARNING 
Transfer Learning is a technique used in deep learning that can utilizes the knowledge gained from solving one to specify the other/similar problems, similar to human learning.  This approach allows for the use of pre trained networking models, which can reduce the amount of data.  Several Convolution Neural Network (CNN) architectures have been proposed to enhance system performance while maintaining a consistent learning structure.  The most specific pretrained networks are AlexNet, VGG16, VGG19, Resnet, Dense net, Mobile net and Efficient net are commonly used for the image classification, providing, significant improvements in accuracy and efficiency [67].
CONCLUSION 
Pox illnesses, like smallpox and monkeypox, have historically generated widespread fear and suffering due to their severity. If not detected in a period of time these diseases, which present with symptoms including painful skin lesions and a high temperature, can cause major problems or even death. Although early detection can stop the spread of these diseases and save lives, it is even more important given the possibility of outbreaks. Machine learning (ML) methods have become effective tools for improving the detection of pox diseases in recent years. In particular, Convolutional Neural Networks (CNNs) have shown efficiency in the analysis of medical images, detecting patterns like rashes and skin lesions that are significant indicators of pox infections. These models provide a quicker and more accurate method of diagnosis by analyzing huge amounts of data and rapidly identifying features that the human eye might neglect. By simultaneously identifying several connected diseases, methods such as multi-task learning (MTL) could improve diagnosis accuracy. These models are further strengthened by ensemble techniques like boosting and bagging, which combine the output of several algorithms to reduce errors. These models are especially helpful in environments with limited resources because transfer learning enables them to function effectively even with very little information.By integrating machine learning into the detection process, we can make diagnosing pox illnesses more efficient and accessible, ultimately enhancing patient care and helping manage outbreaks more efficiently. These technologies present a promising future for quicker, more precise healthcare responses as they develop further.
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