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ABSTRACT 

Support Vector Machines (SVMs) are widely used learning methods that often achieve remarkable 

results, encouraging further research into their applications. This paper presents a paradigm based on 

classification via SVMs for diagnosing anemia in children and adolescents (people under 18 years of 

age). As training and test data, hemogram test results of 50 individuals (either patients or healthy) are 

used. Input data consists of five different features (HGB, HCT, MCV, MCH, and MCHC). In order to 

increase the classifier's efficiency, feature subset selection is applied, and the number of features is 

decreased. The Fisher score algorithm obtains the most important features for this preprocessing step. 

These selected features were then used to train the SVM. After repeated training sessions, it has been 

observed that the performance depends heavily on not only the input's selected feature subsets but also 

the SVM's hyperparameters.  To improve performance (in terms of accuracy), the penalization 

coefficient of the slack variable is optimized by a well-known optimization method called the genetic 

algorithm. Experimental results demonstrate that models trained with only two features (HGB and 

HCT) achieved the highest average accuracy (99.5%), average sensitivity (100%), and average 

specificity (99%). These findings suggest that feature selection and parameter tuning significantly 

improve diagnostic performance while reducing computational cost. The proposed framework 

highlights the potential of hybrid SVM models as decision-support tools for medical diagnostics. 
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1. INTRODUCTION 

Support Vector Machines (SVMs) are efficient tools for 

pattern classification that have been used successfully in 

medical diagnosis.  SVMs have also been combined with 

various optimization methods such as simulated annealing, 

genetic algorithm, or Particle Swarm Optimization (PSO). In 

Hui-Ling Chen et al. [1] constructed a model including SVMs, 

Feature Selection (FS), and Particle Swarm Optimization (PSO) 

to diagnose thyroid disease.  In Kousarrizi et al. [2] analyzed 

the effects of different feature selection methods on SVM 

classifiers diagnosing thyroid disease. In Javad Salimi Sartakhti 

et al. [3] presented a work on the diagnosis of hepatitis disease 

via SVMs (for classification) and Simulated Annealing (for 

optimization of parameters). 

 

Anemia [4] is referred to as a decrease in the amount of 

hemoglobin in the blood. It can also be referred to as the 

reduced ability of the erythrocytes to contain hemoglobin.  

 

In both cases, the effect of the disease is a decrease in the 

amount of oxygen transported by blood. Anemia can be due to 

decreased red blood cell production, blood loss, or increased red 

blood cell destruction. There are many factors that provoke 

anemia, such as trauma, gastrointestinal bleeding, iron 

deficiency, thalassemia, a lack of vitamin B12, sickle cell 

anemia, some contagions (e.g., malaria, thalassemia), and so on.  

 

Being the most widespread disorder of the blood, anemia 

affects about a quarter of people in the world. Iron-deficiency 

anemia affects nearly 1 billion people worldwide [5].  

 

Anemia is typically diagnosed on a complete blood exam. 

Doctors use various data, such as HGB, HCT, MCV, MCH, and 

MCHC obtained from a complete blood count, to diagnose 

anemia. A complete blood exam also provides information on 

the type of anemia [6]. 

 

Diagnosis of anemia via machine learning techniques has 

been studied in many works. However, hybrid methods based 

on SVM have received relatively less attention in the diagnosis 

of this disease. In [7], the authors presented a model for the 

diagnosis of anemia in children and adolescents via Artificial 

Neural Networks.  In Volkan Seymen et al. [8] investigated 

methods for diagnosing anemia in children, adolescents, and 

adults using a Feedforward Backpropagation Neural Network. 

This paper presents a systematic approach based on SVMs to 

diagnose anemia, containing FS and a genetic algorithm, based 

on classification via SVMs for diagnosing anemia in 

individuals under 18 years old. The dataset that is used to 

perform this application was obtained from [7], which focused 

on anemia diagnosis in children and adolescents via Neural 

Networks. 

2. SUPPORT VECTOR MACHINES IN 

CLASSIFICATION 

SVMs are learning algorithms used to examine the data and 

identify the classes. SVM was initially proposed as a supervised 

learning model for binary classification problems and has since 

been extended to support both classification and regression 

applications [9]. By default, SVM is a binary, linear, and non-

probabilistic classifier. To extend SVMs into nonlinear 

classification tasks, the “Kernel Trick” is applied. Kernel 

functions project input vectors into a higher-dimensional 

feature space, where a linear decision surface can be 

constructed. The generalization ability of the SVMs is achieved 

through the properties of the decision surface and kernel-based 

transformations. Fig. 1 depicts how SVMs separate data into 

classes using margins [9]. 

 

In SVMs, the goal is to find a decision boundary that 

maximizes the width of the margin separating the samples of 

one class from another class. Given a set of training data points, 

the purpose is to construct an optimal decision surface that can 

separate two different classes [10]. This is achieved by 

formulating a quadratic optimization problem, which is then 

solved to obtain the separating hyperplane. 

 

Fig. 1. Support vector machines [9]. 

A labeled dataset is needed to train an SVM model. Let 

{xi,yi},i=1,2,...,m, yi ϵ{-1,1}, xi ϵ Rd, where xi represents input 

feature vectors, and yi denotes the class labels of corresponding 

input vectors. The separating surface can be formulated as seen 

in Eq. (1). 

 

f(x) = wTx + b                     (1) 

               

Where w is the weight vector perpendicular to the separating 

surface and b is the bias. Also, b/‖𝑤‖ will be the distance from 

the origin to the surface. By solving the following optimization 

problem, the SVM determines the maximum (or in some cases, 

optimal margin - if not separable) margin of the hyperplane. 

 

minimize ‖w2‖/ 2 + C ∑ ξi  
∞
i=1                     (2) 

         

Subject to:   ξi ≥ 0, yi(〈w, xi〉 + b) ≥ 1                              
 

where C is a penalization constant and 𝜉𝑖 represents the slack 

variable.  

 

max W(α) = ∑ αi −
1

2
∑ ∑ αi, αj, yi, yj

m
j=1 , xi

T, xj
m
i=1

m
i=1              (3) 
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Subject to: ∑ αi, yi
m
j=1 = 0 and αi ≥ 0   

 

By applying the Karush-Kuhn-Tucker (KKT) conditions, the 

Lagrangian dual form with multipliers 𝛼𝑖s are obtained in this 

step. Then, bias (b) and weight vector are computed based on 

the values of multipliers 𝛼𝑖. At the maximum margin, w is 

calculated as seen in Eq. (4). 

 

w = ∑ αi, yi, xi
m
j=1                                                        (4) 

 

The bias term b can then be calculated based on Eq. (5). The 

linear decision function can be determined as seen in Eq. (6). 

                  

αi[yi(〈w, xi〉 + b) − 1] = 0, i = 1,2, … m           (5)   

                            

F(x) = sgn(∑ yi, αi
m
i=1 ⟨x, xi⟩ + b)              (6)   

            

A linear hyperplane classifier works well in linearly 

separable cases. However, in nonlinear cases, the input space 

must be mapped to a higher dimensional feature space where 

pattern can be separated by a linear classifier. Various kernel 

functions can be used for this mapping, including quadratic, 

Gaussian, and polynomial kernels. Based on several kernel 

experiments conducted in this study, a polynomial kernel is 

selected. This kernel is defined as seen in Eq. (7).  

 

K(x, xi) = (1 + xj
T, xi) p                  (7) 

 

where p is the order of the kernel. (In this study, a third-order 

kernel is used.) After constructing the hyperplane in Equation 

(1) and identifying the support vectors, the two classes can then 

be separated by maximizing W in Eq. (8).  

 

max W(α) = ∑ αi −
1

2
∑ ∑ αi, αj, yi, yj

m
j=1 , K(xi, xj)

m
i=1

m
i=1        (8) 

 

subject to: ∑ αi, yi
m
j=1 = 0.  

 

where 𝛼𝑖 ≥ 0 for all i=1,2, 3, …, m and therefore, 𝛼𝑖s are 

calculated by solving the quadratic equation and w is 

determined depending on 𝛼𝑖s. Applying the kernel trick, the 

decision function can be described as seen in Eq. (9).   

                   

F(x) = sgn(∑ yi, αi
m
i=1 K(x, xi) + b)  (9) 

3. FEATURE SELECTION VIA FISHER SCORE 

The Fisher score is a feature selection method that identifies 

the most important features for classification [1].  It is used to 

reduce the number of dimensions in the feature space, thereby 

creating a feature space that is easier to train [11]. For each 

attribute, a Fisher score is calculated by employing Fisher’s 

criterion. Subsets having higher scores are considered to be 

more important in the decision-making process [1]. The 

primary purpose of applying Fisher Score is to select features 

that enable easier class separation. Ideally, features are desired 

for which the variance of the data distribution within each class 

is small, while the mean values of the classes are as distant from 

each other as possible [12]. 

 

In this paper, the Fisher Score is determined by employing a 

criterion function as described in [12]. In the experiments, both 

highly informative and less relevant features were obtained, as 

summarized in Table I.  

 

This intuition is expressed by Fisher’s criterion: 

 

𝐹(𝐽) =
∑ 𝑛𝑐(𝜇𝑐

(𝑗)−𝜇(𝑗))
2𝐶

𝑐=1

∑ 𝑛𝑐𝜎𝑐
(𝑗)2𝐶

𝑐=

               (10) 

 

where 𝐹(𝐽) denotes the Fisher Score of the 𝑗𝑡ℎ feature, 𝑛𝑐 is 

the number of samples in class c, 𝜇𝑐
(𝑗) is the mean of feature j 

within class c, 𝜇(𝑗) is the overall mean of feature j, and 𝜇𝑐
(𝑗)2 is 

the variance of feature j within class c. Features with higher 

Fisher Scores provide stronger discriminative power and are 

therefore preferred for classification tasks. In this work, only 

the highest-ranked features based on the Fisher Score were 

selected for subsequent training, allowing the classifier to 

concentrate on the most informative attributes. 

4. OPTIMIZATION OF ANEMIA DIAGNOSIS USING 

SUPPORT VECTOR MACHINES 

In this paper, a classification system based on SVMs was 

developed to diagnose anemia in children and adolescents. 

Hemogram test results from 50 individuals were used for both 

the training and test phases (60% random training samples, 40% 

held out for test). The feature space was defined by five 

attributes: hemoglobin (HGB), hematocrit (HCT), mean 

corpuscular volume (MCV), mean corpuscular hemoglobin 

(MCH), and mean corpuscular hemoglobin concentration 

(MCHC). The output class labels were assigned in binary form, 

with “1” representing anemic (diseased) and “0” representing 

healthy. Feature Selection was performed using the Fisher score 

algorithm to improve classification accuracy. Three 

experiments were conducted: One using the original dataset and 

two using reduced datasets constructed from the most important 

features identified by Fisher Score.  

 

During the experiments, it was observed that the classifier's 

performance depended not only on the selected feature subsets 

but also on the parameter settings of the SVM. In particular, the 

penalization constant C (the soft margin parameter controlling 

the slack variable penalty) strongly influenced classification 

accuracy. To optimize this parameter, a genetic algorithm was 

employed to search for the value of C that maximized the 

average accuracy of the classifier.  

 

The evaluation metrics are defined as follows:  

 

Accuracy (Acc): Ratio of correctly classified cases (positive or 

negative) to the total number of cases.  

 

Acc =
TP+TN

TP+TN+FP+FN
                  (11)   

             

Sensitivity (Sens): Ratio of correctly classified positive cases 

to the total number of actual positive cases.  

 

Sens =
TP

TP+FN
                   (12)                                              
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Specificity (Spec): Ratio of correctly classified negative 

cases to the total number of actual negative cases. 

 

Spec =
TP+TN

TP+TN+FP+FN
                   (13)   

         

where TP, TN, FP, and FN denote true positives, true 

negatives, false positives, and false negatives, respectively. To 

account for variability across multiple runs, the average 

accuracy is computed as seen in Eq. (14). 

 

AveAcc =
∑ Acc(i)m

i=1

m
                        (14)                                               

 

where Acc (i) denotes the ith iteration, and m is the total 

number of iterations. 

5. RESULTS 

In this study three different experiments are carried out by 

utilizing three different datasets. The first dataset included all 

features of the original dataset. The second dataset includes the 

top three features (HGB, HCT, MCV), and the third dataset 

includes the top two features (HGB, HCT). The Fisher scores 

of the feature subsets are presented in Table I. In the 

optimization part of the experiments, the optimal value of the 

coefficient C was calculated by genetic algorithm and selected 

as the soft margin parameter of the classifier. Based on this 

optimized parameter, performance metrics of the classifier were 

then evaluated. 

 

Accuracy-wise comparative analysis: The highest average 

accuracy of 99.5% was achieved when only the top two features 

(HGB and HCT) were utilized. The second-best performance, 

with an average accuracy of 94.5%, was obtained using the top 

three features (HGB, HCT, and MCV). Finally, when all 

features were employed, the model attained an average 

accuracy of 93%. 

  
Table I. Fisher scores of the feature subsets. 

Feature Score 

HGB 3.0684 

HCT 2.8386 

MCV 0.0623 

MCH 0.0599 

MCHC 0.0083 

 

Sensitivity-wise comparative analysis: In terms of 

sensitivity, the best results were obtained with the top two 

features, achieving an average sensitivity of 99%. The top three 

features yielded 95% while all features yielded 92%.  

 

Specificity-wise comparative analysis: In terms of 

specificity, the best results were again obtained with the top two 

features, achieving an average Specificity of 100%. Top three 

features yielded 95% while all features also yielded 95%.  

 

The results of the experiment using all five features (HGB, 

HCT, MCV, MCH, MCHC) are presented in Table II. The 

optimal value of C was 0.0888, determined by genetic 

algorithm. Maximum accuracy, sensitivity, and Specificity of 

100% were observed. On average, the model obtained 93% 

accuracy, 91% sensitivity, and 95% Specificity, reflecting 

strong but slightly less consistent results compared to models 

trained with fewer features. 

 
Table II. Experiment results for the feature subsets (HGB, HCT MCV, 

MCH, MCHC). 

Test no Acc% Sens% Spec% 

1 95 100 90 

2 100 100 100 

3 95 90 100 

4 95 90 100 

5 95 90 100 

6 85 90 80 

7 85 80 90 

8 95 90 100 

9 100 100 100 

10 85 80 90 

 

The results of the experiment using HGB, HCT, and MCV 

are shown in Table III. Optimal value of C for that experiment 

was determined to be 0.1834. The model achieved maximum 

values of 100% for all metrics. On average, it achieved 94.5% 

accuracy, 95% sensitivity, and 95% Specificity, indicating 

reliable classification performance across all measures.  

 
Table III. Experiment results for the feature subsets (HGB, HCT, 

MCV). 

Test no Acc% Sens% Spec% 

1 90 90 90 

2 100 100 100 

3 95 100 90 

4 100 100 100 

5 90 90 90 

6 95 90 100 

7 95 90 100 

8 95 90 100 

9 95 100 90 

10 90 100 90 

 

The results of the experiment using features HGB and HCT 

are shown in Table IV. The optimal value of C was found to be 

0.2252 using the genetic algorithm. The model achieved 

maximum values of 100% in accuracy, sensitivity, and 

Specificity. On average, it reached 99.5% accuracy, 99% 

sensitivity, and 100% specificity, demonstrating that while 

perfect performance was attained in certain iterations, the 

overall performance remained consistently strong.  
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Table IV. Experiment results for the feature subsets (HGB, HCT). 

Test no Acc% Sens% Spec% 

1 100 100 100 

2 100 100 100 

3 100 100 100 

4 100 100 100 

5 100 100 100 

6 100 100 100 

7 100 100 100 

8 95 90 100 

9 100 100 100 

10 100 100 100 

6. CONCLUSION AND FUTURE WORK 

In this study, a system was developed to diagnose anemia in 

children and adolescents using SVMs. Improved accuracy was 

achieved by selecting the most relevant features and 

determining the optimal classifier parameter value for each 

dataset based on feature importance. The results demonstrated 

that both feature selection and parameter optimization 

significantly enhanced when only two feature subsets were 

used, which proved more efficient in terms of both 

computational cost and classification accuracy. Future studies 

will expand validation cohorts with larger datasets and explore 

broader clinical applications. 
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