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Feature selection is an important part of machine learning, especially in medical 

research with high-dimensional datasets. Selecting relevant features can improve the 

accuracy, interpretability, and efficiency of prediction models. There are three feature 

selection methods, i.e., filter, wrapper, and embedding methods. In this paper, we 

analyze these algorithms applied to medical datasets; the basic idea of the most popular 

algorithms in each category is described, and advantages, efficiency, and disadvantages 

are discussed.  

The paper also describes the problem of complexity, the number of samples, and class 

imbalance in medical datasets. Finally, the analysis offers some clues for the most 

effective feature selection strategies and possible paths for future research in the 

medical field. This review is expected to serve as a useful guide for researchers and 

practitioners who are interested in choosing the best features to optimize the machine 

learning models of medical applications. 
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1. Introduction  

Machine Learning (ML) is a powerful tool 

for pattern recognition and prediction across 

many scientific fields where large amounts of 

data are available. ML models have 

revolutionized healthcare and medical research 

by helping them understand what diseases 

people have, how they change, how to develop 

new pharmaceuticals, and how to tailor 

therapies for each patient. However, medical 

datasets have major problems that make it more 

difficult to effectively employ ML algorithms. 

Examples of such problems are noise, 

duplication, useless features, and high 

dimensionality [1]. ML models with too many 

features can cause many problems, especially 

when they include unnecessary or redundant 

features. This can cause increased 

computational complexity, longer training 

times, less generalizability of the model, and 

less interpretability. Genomic studies can study 

thousands of genes, but only a subset of those 

will give a true picture of a given disease [2]. 

Electronic health records (EHRs) contain a 

wealth of information about patients, but not all 

of this information is relevant to a specific 

diagnostic or prognostic task  [3]. Feature 

selection solves these issues by being an 

integral part of the ML process that narrows 

down the original dataset to the most relevant 

and usable features. Feature selection is used to 

enhance the predictive accuracy of models, 

https://njemcs.edu.iq/index.php/njemcs/


 
 

Baidaa  et al/ Al-Noor Journal of Engineering Management and Computer Science / Vol. 2, Issue 1, 2026: 106-117 
 

107 

 

lower computing costs (since there are fewer 

features), make the model more straightforward 

to explain (by removing unnecessary 

variables), and lower the risk of overfitting 

(particularly when the sample size is small)[4].  

In the case of medical datasets, the choice 

of the right features becomes even more 

important. Interpretability is important because 

a doctor should understand why a diagnosis or 

prediction was made before making a clinical 

decision. Feature selection can be useful to 

identify useful biomarkers and clinical 

indicators, which can lead to new medical 

therapies and better care of patients. Thus, it is 

important to develop basic, reliable models that 

can work on new patient data [5]. 

 

2. Feature Selection Algorithms 

There are three basic types of feature 

selection techniques: Filter methods, Wrapper 

methods, and Embedded methods [6]. All 

categories have different ways of selecting the 

most important features and thus have different 

trade-offs in cost, performance, and 

generalizability. Figure 1 shows this 

classification and gives several common 

algorithms for each kind.  

 

Figure 1. Classification of Feature Selection Techniques 

2.1 Filter Methods 

Filter methods are the easiest and quickest 

way to choose features. They work on their 

own, without using any ML model [7]. They 

check how relevant features are based only on 

their properties, including how correlated they 

are with the target variable or how much 

volatility there is in the feature itself. The 

preprocessing step of these methods is typically 

used to rank or score features, and a subset of 

the top-ranked features is subsequently selected 

for model training [8]. The predictive ability of 

each feature is checked independently in filter 

techniques. After assigning a statistical score to 

each feature, they can eliminate low-scoring 

features and retain high-scoring ones by using 

a threshold or a predetermined number of 

features. Not only is the process quick and easy 

to scale, but it also doesn't need building a ML 

model. This is particularly useful for multi-

dimensional medical research datasets [9]. 

They are perfect for big datasets with many 

features because of their fast and inexpensive 

processing. Their ability to identify and remove 

similar or related properties makes them useful 

for purging unnecessary traits [10]. 

One major problem is that they can't fully 

convey the interplay and complexity of 

relationships between qualities. In the event 

that feature combinations outperform 

individual features in terms of prediction 

accuracy, their feature isolation evaluations 
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may lead to feature sets that are below par. 

Because feature selection is not integral to 

model training, it is possible that the features 

chosen will not provide the best results for a 

given ML model [11].  

In the context of medical diagnosis, filter 

methods are frequently implemented as an 

initial screening phase, particularly in high-

throughput data sets such as genomics, to 

rapidly reduce the dimensionality prior to the 

application of more computationally intensive 

methods [12]. 

 

2.1.1 Variance Threshold 

One of the simplest filter approaches is the 

Variance Threshold method.  In this method, 

features with variances below a specific 

threshold are removed. The basic premise is 

that characteristics that exhibit extremely low 

variation, meaning they nearly always have the 

same value across all samples, are highly 

unlikely to provide useful information for a 

predictive model. Although simple, this 

approach disregards the target variable and any 

relationships between features [13, 14].The 

algorithm computes the population variance    

for each attribute independently, utilizing the 

following equation: 

   
∑         

   

 
 

Where    refers to the values of the sample 

individual for a feature,   refers to the mean of 

feature values,   refers to the overall number of 

samples. 

 

2.1.2 Chi-squared Test  

The Chi-squared statistic test is often used 

to choose which features to utilize in 

classification issues, especially when the 

features and the target variable are both 

categorical. This test shows the independence 

of a feature from the target variable [15]. A 

greater Chi-squared value means that the 

feature is more meaningful because it shows 

that the two variables are more related. If a 

feature has a low Chi-squared score, it is 

thought to be independent of the target and can 

be deleted [16]. The equation for Chi-Square 

is: 

   ∑
       

 

  
 

Where    indicates the observed values,    

indicates the expected values. 

 

2.1.3 ANOVA F-value 

The F-value is a statistical test used to 

determine if there are big differences between 

the means of two or more groups in an 

Analysis of Variance (ANOVA) [17]. In 

feature selection, it looks at the linear 

relationship between a categorical target 

variable and a numerical feature. A high F-

value means that a feature is statistically 

significant in telling the different classes of the 

target variable apart. This method works well 

for input variables that are numbers and output 

variables that are categories [18]. The F-value 

is computed by taking the ratio of Mean Square 

Between (MSB) and Mean Square 

Error/Within (MSE): 

  
   

   
 

 

2.1.4 Correlation Coefficient 

Methods based on correlation look at how 

each attribute is related to the target variable. 

The Pearson correlation coefficient is a 

common way to find out how two continuous 

variables are related in a straight line [19]. 

Features that are closely related to the target 

variable are thought to be more important. 

Correlation can also be used to find and get rid 

of unnecessary features by removing one of 

two that are quite similar to each other. 

Spearman correlation is utilized for monotonic 

connections and nonlinearities [20]. The 

equation of the sample for the Correlation 

Coefficient r is: 

   
∑      ̅      ̅  

   

√∑      ̅   
    √∑      ̅   

   

 

Where       represents the points of the 

individual sample,  ̅   ̅  represents the means of 

the sample, and     refers to the observation 

numbers. 

 

2.1.5 Information Gain/Mutual Information 

Information Gain (IG) and Mutual 

Information (MI) are ideas that come from the 
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study of information. Information Gain 

quantifies the decrease in entropy (or 

uncertainty) of the target variable upon 

acquisition of a specific feature. Mutual 

knowledge measures how much knowledge 

you get about one random variable by looking 

at the other. Both approaches are strong 

because they can find nonlinear connections 

between features and the target variable. This 

makes these tools useful for many different 

types of data [21, 22]. 

MI quantifies the reduction in uncertainty 

of Y given knowledge of  

                  ) 

 IG computes the entropy decrease by using 

the following equation 

                  ) 

where S is the entire data set (or node), and 

the conditional entropy is the weighted average 

of the subsets generated by splitting on feature 

X. 

 

2.2 Wrapper Methods 

Wrapper approaches check subsets of 

features by using a specific ML model to train 

and test each one. The goal of this iterative 

procedure is to find the feature subset that 

works best with the specified learning 

algorithm. Wrapper methods are usually more 

accurate than filter methods since they take 

into account feature interactions and the given 

model, but are significantly more 

computationally expensive [23]. 

The basic idea of wrapper techniques is to 

explore various combinations of features using 

a search algorithm. For each set of data, it 

trains an ML model and then evaluates it using 

various metrics, such as accuracy, F1-score, 

and AUC. The subgroup with the best model fit 

is then selected [24]. 

Wrapper techniques often improve 

prediction performance for the chosen model, 

but are more expensive to implement due to 

their iterative nature. Wrapper approaches 

work with the learning algorithm to look at sets 

of features and find complicated interactions 

between them.  

Wrapper methods frequently surpass filter 

approaches in predictive accuracy due to their 

consideration of the interdependence and 

interaction of information [25]. 

The main problem with wrapper techniques 

is their high cost and inefficiency. When there 

are a large number of features, it can be 

extremely time-consuming to train and 

evaluate a model for each potential feature 

subset. The possibility of overfitting the model 

and dataset used for feature selection increases 

the likelihood of subpar generalization to new 

data. The feature subset that is chosen has a 

strong relationship with the ML model that is 

chosen. Different models may have different 

ideal subsets [26]. 

In medical diagnostics, wrapper approaches 

are frequently favoured when superior 

predicted accuracy is essential, and computer 

resources permit their application. These 

factors are especially useful when it is believed 

that the interactions between clinical or genetic 

elements significantly influence the 

manifestation of a disease [27]. 

 

2.2.1 Forward Feature Selection (FFS) 

FFS is a search method that starts with no 

features and works its way up. It adds the 

feature that, when combined with the features 

that have previously been chosen, makes the 

model work better (for example, by increasing 

its accuracy or F1-score). This procedure goes 

on until no more improvements can be seen or 

a set number of features are reached [28]. 

 

2.2.2 Backward Feature Elimination (BFE) 

BFE is the opposite of FFS. It starts with 

all the features and eliminates the one that hurts 

the model's performance the least at each step. 

This procedure goes on until there are no more 

features that can be deleted without a big drop 

in performance, or the right number of features 

is left [29]. 

 

2.2.3 Recursive Feature Elimination (RFE) 

RFE repeatedly trains a model while 

removing unimportant features. It requires a 

feature-weighting estimator, similar to linear 

model coefficients or tree-based model feature 

importance [30].  Every time the model is 

trained, the features with the lowest 
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significance are removed. The technique is 

repeated on the smaller set until the right 

number of characteristics are found. RFE is 

strong and can work with many different ML 

models [31]. 

 

2.2.4 Exhaustive Feature Selection (EFS)  

EFS is a brute-force method that checks all 

combinations of features to find the best one. It 

guarantees the best subset for a given model. 

But it is too hard to use for datasets with few 

features. [32]. 

 

2.2.5 Genetic Algorithms (GA) 

GAs are metaheuristic search algorithms 

based on natural selection. Each possible 

subset of features is considered as a single 

chromosome in a larger population. The 

algorithm iteratively evolves this population by 

selection, crossover, and mutation processes 

[33]. The objective is to identify optimal or 

near-optimal feature subsets that optimize a 

fitness function (e.g., accuracy of a model). 

GAs are computationally expensive but can 

explore a large search space and deal with 

complex features [34]. 

 

2.3 Embedded Methods 

Embedded approaches work by selecting 

features during the model generation process 

on their own. The system will learn to favor 

features that improve the accuracy of forecasts. 

In the training of the model, features are 

selected by assigning weights or coefficients to 

features and then removing those that do not 

contribute significantly [35]. 

Embedded approaches are computationally 

more efficient than wrapper strategies since 

feature selection is part of the model training. 

This is because they chose not to train the 

model continuously on different subsets. 

Furthermore, they surpass filter techniques in 

terms of accuracy by integrating feature 

interactions into the learning algorithm. 

Embedded approaches implicitly account for 

dependencies and interactions between 

attributes by identifying them during training. 

This process is wholly dependent on the 

learning algorithm [36]. 

Comparable to wrapper methods, the optimal 

set of features may vary depending on the 

model employed. The features that were 

chosen may not be ideal for different types of 

models [37]. 

The ability to efficiently manage high-

dimensional data while still capturing complex 

relationships between features is the reason 

embedded methods are becoming more popular 

in medical diagnosis. For example, LASSO has 

been effectively implemented in genomic 

research to identify critical genetic markers that 

are linked to disease, and Random Forests have 

been employed to identify critical clinical 

variables in a variety of diagnostic tasks [38]. 

 

2.3.1 Lasso (L1 Regularization) 

Lasso (Least Absolute Shrinkage and 

Selection Operator) is a linear model that uses 

L1 regularization. It adds a penalty to the loss 

function that is equal to the absolute value of 

the size of the coefficients. This penalty makes 

the model sparser, which means it can shrink 

some feature coefficients all the way to zero, 

which is like automatic feature selection. Lasso 

is very useful when dealing with datasets with 

a lot of features that are not useful [39]. The 

typical equation for the Lasso algorithm 

comprises the Mean Squared Error (MSE) in 

conjunction with the L₁ penalty term: 

     
 

  
∑     ̂   ∑ |  |

 

   

 

   
 

Where      refers to the objective 

function,    indicate the value of the actual 

target,  ̂  indicate the predicate value,    refers 

to coefficients allocated to the j feature, the 

penalty's strength is determined by λ, and   

refers to the number of training samples. 

 

2.3.2 Ridge (L2 Regularization) 

Ridge regression adds a penalty term 

proportional to the squared size of the 

coefficients to the loss function. This is called 

L2 regularization. It tends to push coefficients 

towards zero, but not necessarily to zero. The 

primary purpose of the Ridge regression is to 

avoid overfitting and multicollinearity by 

shrinking the less significant features. It does 

not perform explicit feature selection, such as 
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Lasso [40]. The cost function for Ridge 

Regression is described as: 

     
 

  
              

 

 
    

 

 Where X indicates the array of input 

features, y indicates the target values,    refer 

to the coefficients feature,   is the 

regularization hyperparameter that determines 

the balance between fitting the data and 

decreasing the weights, n indicates the number 

of training examples, and m refers to features 

number. 

 

2.3.3 Elastic Net 

Elastic Net is a regularization method that 

combines the L1 (Lasso) and L2 (Ridge) 

penalties. This is particularly helpful when 

there are groups of features that are very close 

together. Lasso generally selects a single 

feature from a group and ignores the others. 

Ridge keeps all of them. It                    

can select groups of correlated attributes at the 

same time. It is a trade-off between the sparsity 

and the group effect. It requires tuning two 

regularization parameters [41]. This algorithm 

aims to minimise a cost function that is a 

combination of the normal Residual Sum of 

Squares (RSS) plus a penalty term that reflects 

the L1 and L2 norms: 

           ∑ |  |    ∑   
 

 

   

 

   
 

Where      is the overall cost function, 

RSS represents the residual sum of squares,    

refer to the feature coefficients,   and    refer 

to the tuning parameters that regulate the 

intensity of the L1 and L2 penalties 

correspondingly 

 

2.3.4 Tree-based Methods 

The system is trained with a variety of tree-

based ML approaches, including Decision 

Trees, Random Forests, and Gradient Boosting 

Machines (e.g., XGBoost and LightGBM). The 

result of these algorithms is a set of rules for 

decision-making. The rules are based on 

factors that best partition the data and produce 

the fewest errors. The importance of a feature 

is measured by the degree of reduction of the 

impurity in all the trees in the group [42]. 

Those features that are often used to split or 

lead to a large impurity reduction are the more 

relevant ones. These methods can capture 

intricate non-linear interactions and are robust 

to outliers [43]. 

 

3. Comparison of Feature Selection 

Techniques 

 

Table 1 presents a comprehensive overview 

of the essential characteristics, benefits, and 

drawbacks of the presented feature selection 

strategies. 
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Table 1: Comparison analysis of Feature Selection Techniques. 

 
 

Category 

 

Algorithm 

 

Advantages 

 

Disadvantages 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Filter 

Methods 

 

 

Variance Threshold 

-Computationally efficient 

-Simple to implement 

-Independent of the learning 

algorithm 

-Ignores feature dependencies 

-May select redundant features 

-Does not optimize for model 

performance 

 

 

Chi-squared (χ²) 

-Effective for categorical features 

- Computationally inexpensive 

-Only considers individual feature 

relevance 

-Sensitive to data sparsity 

-Not suitable for numerical features 

 

ANOVA F-value 

-Effective for numerical features and 

categorical targets 

-Identifies statistically significant 

features 

-Assumes normality and equal 

variances 

-Only considers individual feature 

relevance 

Correlation Coefficient  

(e.g., Pearson, 

Spearman) 

-Simple to understand and 

implement 

-Identifies linear/monotonic 

relationships 

-Sensitive to outliers 

-Only captures pairwise relationships 

 
Information 

Gain/Mutual 

Information 

- Captures non-linear relationships 

-Effective for both numerical and 

categorical data 

-Computationally more 

intensive than simpler filter 

methods 

 -Can be biased towards 

features with more values 
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Wrapper 

Methods 

 

 

 

Forward Feature 

Selection 

- Considers feature interactions 

- Often leads to better model 

performance 

-Computationally expensive 

-Prone to local optima 

- Can be slow for high-dimensional 

data 
 

Backward Feature 

Elimination 

-Considers feature interactions 

-Often leads to better model performance 

 

-Computationally expensive 

-Prone to local optima 

-Can be slow for high-dimensional data 

  

Recursive Feature 

Elimination (RFE) 

-Considers feature interactions 

-Works well with various models 

-Provides feature ranking  

-Computationally intensive 

-Performance depends on the chosen 

estimator 

-Sensitive to noisy features 

 

Exhaustive Feature 

Selection (EFS)  

 

-Suitable for big databases 

-Works well with various models 

-Not suitable for small datasets  

-Can be complex to implement 

 

Genetic Algorithms 

(GA) 

-Can explore a large search space 

-Finds optimal or near-optimal    feature 

subsets 

-Handles complex interactions 

-Very computationally expensive 

-Requires careful parameter tuning 

-Results can vary between runs. 

 

 

 

 

 

 

 

 

Embedded 

Methods 

 

Lasso (L1 

Regularization) 

-Performs feature selection and 

regularization simultaneously 

-Handles multicollinearity 

-Can arbitrarily select one feature from a 

group of highly correlated features 

-Not suitable for all model types 

 

Ridge (L2 

Regularization) 

-Prevents overfitting 

-Reduces coefficient magnitudes 

-Does not perform true feature selection 

(coefficients shrink but rarely become 

zero) 

-Less interpretable than Lasso for feature 

selection 

 

Elastic Net 

-Combines L1 and L2 regularization 

-Handles correlated features better than 

Lasso 

-Prevents overfitting 

-Requires tuning of two regularization 

parameters 

-Can be more complex to implement 

Tree-based methods 

(e.g., Random Forest, 

Gradient Boosting) 

-Naturally perform feature selection 

-Capture non-linear relationships 

-Robust to outliers 

-Feature importance scores can be biased 

towards high-cardinality features-Less 

interpretable than simpler models 

-Less interpretable than simpler 

models 

 

 

4. Results and Discussion 

 

When working with sensitive and complex 

medical data, it's very important to use the 

correct feature selection approach. The three 

methods discussed in this paper were filter, 

wrapper, and embedding. They all work in 

different ways and have their own advantages 

and drawbacks. This section will discuss the 

need for reliable, clear, and relevant models, as 

well as the results achieved by using these 

methods on medical datasets. 

The efficacy of ML models in medical 

diagnosis is significantly affected by the 

feature selection methodology employed. The 

effects are complicated and affect the models' 

ability to be understood, their speed of 

computation, their ability to be used in 

different situations, and their ability to make 

accurate predictions. The effectiveness of a 

feature selection technique is affected by the 

medical dataset's characteristics, the kind of 

disease being diagnosed, and the specific ML 

algorithm being used [44]. 

Impact on prediction accuracy: Studies 

have shown that the right feature selection can 

greatly improve prediction accuracy measures 

such as sensitivity, specificity, recall, F1-score, 

and AUC. Models can focus on what is 

important, i.e., to remove unnecessary and 

duplicate attributes, and in this way improve 

the classification accuracy and establish more 

exact decision limits. For example, in genomic 

data, there are many features (e.g., SNPs) but 

few samples. So, the feature selection is very 

important. This is done to prevent overfitting 

and to obtain accurate predictions [4]. Wrapper 

and embedding methods are usually more 

accurate than filter methods, as they consider 

the interaction between features. This becomes 

very clear in cases where complex relationships 

between diagnostically significant elements 
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exist. However, wrapper methods have higher 

computational costs, which might be 

problematic for very large datasets [45]. 

Impact on the model's explainability: The 

importance of feature selection for better 

predictive accuracy and interpretability of the 

models (the latter being of utmost importance 

in the therapeutic setting) has been highlighted. 

Feature selection can help physicians and 

researchers find the most important 

biomarkers, clinical data, or genetic factors 

related to a disease. This is because feature 

selection is useful in selecting a subset of 

features that are highly relevant. With this 

knowledge, researchers would be able to better 

understand diseases, develop new treatments, 

and make judgments on strong evidence. For 

example, LASSO regularization causes the 

most important predictors to pop out by 

shrinking the coefficients of the unimportant 

features to zero. It scores features based on 

how much they contribute to the model’s 

performance, similar to Random Forest 

Importance, and it gives a clear picture of the 

relative importance of each feature. More 

complex models are more accurate, but less 

complex models with less features can 

sometimes give more useful information in 

terms of interpretability [46]. 

Impact on computing efficiency: Training 

may require additional time and memory 

because of the challenges associated with 

managing high-dimensional medical datasets. 

Feature selection instantly lowers the number 

of dimensions in the data, which fixes these 

problems. Filter methods are great for initial 

data reduction because they don't need a lot of 

computing power. This is especially true when 

working with very large datasets or doing 

exploratory analysis. They may rapidly take 

away a few things, which makes it easier to 

look at them again later. Even though they cost 

more to compute than filters, wrappers and 

embedding methods nonetheless make training 

models on the complete, unselected feature set 

far more efficient. Because ML models have 

fewer dimensions, they can be trained and 

predicted faster and use less memory. Because 

of this, it is easier to use ML models in real-life 

clinical settings [47]. 

Impact on overfitting: Overfitting occurs 

frequently in machine learning, particularly 

when models are trained on data with an 

excessive number of dimensions and 

insufficient sample size, which in turn impacts 

generalizability.  

One approach to improving a model's 

stability is to eliminate extraneous data and 

noise. Because of this, the model will not fit 

the data too closely. Feature selection helps 

build models that perform better with novel, 

unlabeled patient data by zeroing in on the true 

signals in the data. For medical applications, 

this is crucial, as models must apply to a large 

population. Rigid cross-validation methods are 

essential for determining whether feature 

selection improves generalizability [48]. 

Considerations while dealing with health 

records: Problems such as class imbalance, 

missing data, and complicated non-linear 

relationships are more common in medical 

datasets. These characteristics should be 

thought about when deciding how to pick 

features. When dealing with outliers or missing 

data, some filter approaches may not work, and 

when dealing with unbalanced data, some 

wrapper methods may not work either. 

Improving diagnostic efficacy and handling the 

complexities of medical data (e.g., using a filter 

for initial reduction and a container for 

refining) are two goals of the present research 

into hybrid techniques [49] . 

 In light of the unique diagnostic task at 

hand and the data at hand, the primary 

objective is to strike a compromise between the 

predicted degree of accuracy, the degree to 

which it is understandable, and the degree to 

which it is computationally viable [50]. 

Medical datasets often have an imbalanced 

class distribution (e.g. the number of health 

controls is large compared to the number of 

disease cases) which can strongly influence the 

choice of features. Some of the techniques are 

biased towards the majority class, which may 

result in the selection of features that do not 

discriminate well against the minority class. 

This has to be considered in the evaluation 

phase. This can be done using performance 

metrics like F1-score or AUC-ROC, which are 

less sensitive to class imbalance. Also, use 
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feature selection along with resampling 

techniques. 

In conclusion, there is usually no definitive 

answer to feature selection in medical datasets. 

In this process, properties of the datasets (e.g., 

dimensionality, sample size, data types, class 

balance), analysis goals (e.g., prediction 

accuracy vs. interpretability), and available 

computational resources are often taken into 

careful consideration. There is a growing body 

of work on hybrid approaches. These take 

advantage of portions of other categories (e.g., 

an initial filter step with a wrapper or 

embedding method). The idea is to exploit the 

good things of different techniques and 

minimize the bad things. The progress in the 

collection of medical data and the changing 

environment of feature selection algorithms are 

unlocking the potential for more advanced and 

efficient tools for precision medicine and 

healthcare analytics. 

 

5. Conclusions  

 

Feature selection plays a vital role in the 

ML pipeline, particularly in the challenging 

and high-risk area of medical data analytics. 

We perform a systematic review on feature 

selection strategies, classifying them into 

filters, wrappers, and embedded methods; 

discussing the operating principles, advantages, 

and disadvantages of the most important 

algorithms within each category; and providing 

a basic understanding of how to use them. 

The analysis in this paper demonstrates that 

there is no one best feature selection method; 

the selection of a method depends on the 

characteristics of the medical dataset and the 

goals of the analytical task. Filter methods are 

computationally efficient and are particularly 

useful to reduce dimensionality in high-

dimensional cases.  

Wrapper methods are computationally 

expensive but often lead to better predictions 

by choosing the best feature subsets for a 

learning algorithm. They shine when it really 

counts to get things right. Embedded methods, 

which incorporate feature selection directly 

into the process of training the model, offer a 

good balance between the cost of processing 

and the power of prediction. This is a realistic 

way to get you to the middle ground. 

Feature selection in medical datasets is a 

challenging task that requires expertise due to 

the challenges of high dimensionality, class 

imbalance, small sample sizes, and the 

requirement for interpretability. The 

interpretability of some features is especially 

relevant in therapeutic settings, since it can 

lead to a better understanding, validation of 

results, and discovery of new biomarkers or 

etiological agents of diseases. Future research 

in this field will probably be mainly devoted to 

the development of hybrid methods, combining 

properties of different kinds. This means 

methods will be more robust and flexible, able 

to handle the subtleties and complexities of 

real-world medical data. Furthermore, the 

combination of AI and feature selection will 

keep on gaining more strength. The objectives 

are to identify significant characteristics and 

justify their selection.  
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