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ABSTRACT

Artificial intelligence and machine learning have the potential to forecast emerging dis-
eases by analyzing patient medical data, offering decision-support systems for healthcare 
practitioners. These approaches are pivotal in minimizing diagnostic inaccuracies for phy-
sicians and hold significant value for patients and healthcare organizations in scrutinizing 
medical records. Nevertheless, the effectiveness of algorithms fluctuates based on various 
attributes of datasets, fluctuations in the size of datasets, diverse parameters and their char-
acteristics, and varying quantities of patient records. In this research, two distinct models 
have been suggested for categorizing five types of anemia diseases using the multivariate 
adaptive regression spline method: a 1st-degree multiclass multivariate adaptive regression 
spline model and a 2nd-degree multiclass multivariate adaptive regression spline model. 
These models were employed to classify entries into non-anemia, folate deficiency anemia, 
Hgb-anemia, B12 deficiency anemia, and iron deficiency anemia. When the results were 
analyzed, 98.30% accuracy, 92.91% precision, 92.76% recall, and 92.74% F1-score were 
obtained with the 2nd order multiclass multivariate adaptive regression spline model. The 
outcomes obtained aim to offer valuable insights to medical students and physicians en-
gaged in addressing the anemia classification challenge. The application of these models 
holds significant promise in enhancing diagnostic procedures, minimizing error rates, and 
devising more efficient treatment strategies. At the same time, in addition to the studies 
using the same data set in the literature, it has been shown that the adaptive spline method 
also shows successful results.
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INTRODUCTION 

Thanks to advances in science and technology, diagno-
ses in the medical world have greatly benefited from the 
measurement of data such as patients’ blood values, med-
ical images, and medical signals [1]. Making these mea-
surements in detail facilitates the detection of patterns and 
hidden connections in datasets thanks to machine learn-
ing methods, a sub-branch of artificial intelligence that can 
make connections between complex data. Artificial intelli-
gence and machine learning methods lead to the rapid and 
accurate resolution and diagnosis of diseases [1–3].

Artificial intelligence and machine learning methods 
are often used in various studies such as heart failure dis-
ease prediction, Diabetes classification, and heart failure 
disease prediction, which are frequently researched in the 
literature [4-9]. These studies aim to train processes to 
speed up the decision-making process of specialist doctors 
when a new case comes in. That is, the aim is to ensure that 
when specialists are faced with new cases, the system can 
similarly make decisions for them.

Modeling data and disease is a major component of 
medicine today. One of the two processes that enhance 
this is the determination of model parameters by machine 
learning methods. The terms Data, Disease, and Modeling 
are used in the determination of model parameters and 
machine learning methods help this process to be per-
formed faster and more accurately. In a study using deep 
learning architectures Alexnet and Resnet50 for automatic 
detection of lung cancer using computed tomography 
images, the performances of the model parameters were 
compared and the highest accuracy value was obtained 
with the AlexNet architecture [10]. In the study where 
the success of the k-means algorithm was improved with 
machine learning methods using various cancer data, the 
death game optimization algorithm was combined with the 
k-means method. As a result, the success of the proposed 
clustering method was increased [11]. In a study on brain 
tumor classification using two-dimensional MRI images, 
promising results were obtained for complex classifica-
tion problems by optimizing the vision transformer (ViT) 
network [12]. A hybrid k-means method is presented to 
assign weights to input parameters in a study conducted to 
correctly diagnose diseases in four different medical data-
sets. It is emphasized that the results obtained will reduce 
staff workload and test costs. [13]. In a study to reduce the 
effects of COVID-19 on the education system, an IoT and 
deep learning-based system was proposed [14]. The pro-
posed system aims to protect students and staff against 
infectious diseases and improve students’ performance in 
classes by monitoring environmental conditions through 
an IoT-based sensor network to ensure the use of masks in 
closed areas during the current pandemic. In the study con-
ducted on the Face Mask Detection Dataset containing a 
total of 7553 masked and unmasked images, the best results 
were obtained as 99.5% for F1 Score and 99% for MCC with 

the model trained on the InceptionV3 network. In a study 
using Machine Learning classification methods such as 
K-Nearest Neighbors (KNN), Random Forest (RF), Support 
Vector Machine (SVM), Artificial Neural Network (ANN), 
and Decision Tree (DT) for diabetes prediction by taking 
different attributes related to diabetes disease, random for-
est achieved high success in predicting diabetes compared 
to other machine learning methods [15]. In a study of brain 
tumor detection using YOLOv5, YOLOv7, and YOLOv8, 
it was concluded that brain tumors were better detected 
with YOLOv8 [16]. The images were first preprocessed by 
applying color transformation, histogram equalization, and 
filter operations. As a result, a high success rate of 87% was 
achieved. In a study using Computed Tomography (CT) 
images for the detection of brain hemorrhages (ResNet), 
Visual Geometry Group (VGG), and EfficientNet archi-
tectures, it was emphasized that it is important to choose 
the most appropriate model for the dataset [17]. As a result, 
it was emphasized that the success of the EfficientNet-B2 
model was higher than the other models in the literature.

Thanks to scientific and technological developments, 
artificial intelligence system applications used to support 
many areas are widely used. Thus, the health sector is now 
in need of experts in the evaluation of data due to techno-
logical advances. Doctors’ busy working hours, difficulties 
in accessing various specialists, and the vital importance 
of early diagnosis of urgent pathologies contribute to the 
growing need for apps that support healthcare professionals.

The diagnosis of anemia is crucial for physicians, and 
anemia signifies a condition where oxygen is not adequately 
transported; in this case, red blood cells fail to fulfill their 
function completely. It occurs as a result of low hemoglo-
bin, indicating values below 13 g/dl in men and 12 g/dl in 
women. Iron deficiency anemia is the most common form 
of anemia. It is caused by insufficient intake or reduced 
absorption of the iron the body needs. Most iron is found 
in red blood cells, and women can develop iron deficiency 
and anemia due to blood loss. The main causes of anemia 
are bleeding, destruction of red blood cells (hemolysis), 
insufficient production of red blood cells, and low hemo-
globin production. Women are at higher risk of anemia due 
to menstrual bleeding [18]. Children may develop anemia 
due to stomach bleeding caused by the frequent use of aspi-
rin and antipyretics [19]. Hemolytic anemia, B12 deficiency 
anemia, iron deficiency anemia, thalassemia, Fanconi ane-
mia, etc. The main causes of anemia, which has varieties 
such as can be examined under 3 headings: 1. blood loss 2. 
insufficiency of red blood cells 3. high rate of red blood cell 
destruction [19].

The World Health Organization (WHO) has charac-
terized anemia as a state where the red blood cells or their 
capability to carry oxygen are inadequate [16]. This condi-
tion has been highlighted to predominantly impact women 
and young children, leading to a considerable decline in 
quality of life and potential association with severe illnesses.
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There are also studies on the classification of anemia dis-
ease, which aim to provide decision support to physicians. 
When the studies were examined, it was seen that they were 
divided into two groups as binary class (anemia / no ane-
mia) studies and multi-class (iron deficiency anemia, B12 
vitamin deficiency anemia, etc.). In an analysis of binary 
class studies, a research effort utilized MARS and the Harris 
hawks algorithm (HHO) to process data from 1732 patients 
categorized as anemic or non-anemic, sourced from the 
Kaggle database [20]. In the study, six different algorithms 
including multiple linear form HHO, multiple quadratic 
form HHO, multiple exponential form HHO, 1st order 
MARS model, 2nd order MARS model, and the strongest 
MARS model were proposed. At the end of the study, the 
performance evaluations of the six proposed methods were 
found to be higher than other studies in the literature. In a 
study to detect the anemia status of a patient, a model based 
on classification with support vector machine (SVM) and 
RF was developed [21]. In a study conducted using blood 
data from Kanti children’s hospital, a model was designed 
to predict anemia in children under 5 years of age [22]. The 
dataset consisting of 700 records was first normalized and 
data balanced. As a result, the RF method demonstrated 
the most successful performance with an accuracy rate of 
98.4%. Finally, it aims to increase the performance of the 
algorithms by using methods such as feature selection and 
Ensemble Learning methods, Voting, Stacking, Bagging, 
and Boosting. Machine learning methods such as CNN, 
k-NN, Decision Tree (DT), NB and SVM have been used 
to propose using palm images for anemia detection as an 
effective, cost- and time-saving solution as an alternative 
to invasive methods [23]. In a study focused on predict-
ing anemia in children, various machine-learning meth-
ods were used to find factors associated with anemia [24]. 
While MLP showed the highest success with 81.67%, the 
highest success (82.5%) was achieved when the DT feature 
selection method was applied. In a study where 1732 blood 
data taken from the Kaggle database were classified using 
the Crow Search Optimization Algorithm (CSO), CSO was 
analyzed in 2 different scenarios. Multilinear form CSO 
and quadratic linear form CSO [25].

Again, in a study in which various machine learn-
ing algorithms such as DT, SVM, RF, LR and k-NN were 
tested to predict anemia in children, a powerful prediction 
model was created by improving classifiers with learning 
techniques such as bagging, boosting, and stacking [26]. In 
another study, the process of diagnosing anemia and ane-
mia-related diseases was performed with machine-learning 
methods [27]. In this context, a machine learning archi-
tecture that can diagnose 12 different types of anemia was 
developed. The data were obtained from Düzce University 
Research and Application Hospital with ethics committee 
permission. Then, the weights of the data were calculated 
using techniques such as Information Gain, Information 
Gain Ratio, Correlation, and Principal Component Analysis. 
After the calculations, machine learning techniques such 

as Support Vector Machines, Decision Trees, Naive Bayes, 
and Artificial Neural Networks were applied to the original 
dataset and the datasets created using the new attributes. 
The results obtained by using cross-validation method in 
all models were evaluated with performance indicators 
such as accuracy, classification error, sensitivity, precision, 
and f1-score. In a study where anemia was predicted using 
various methods such as XGBoost, LightGBM, Lasso, Rigde 
and Elastic-net, the SMOTE technique, which attempts to 
balance the distribution of classes by randomly increas-
ing and replicating minority class instances, and Pearson 
correlation to identify strongly correlated points that are 
thresholds for feature selection [28]. As a result, the Light 
GBM algorithm outperformed the others in terms of accu-
racy. Some recent studies have proposed a robust and effi-
cient classification algorithm using SVM, k-NN, LR, DT, 
RF algorithm to overcome the weaknesses of manual evalu-
ation and thus classify Sickle Cell Anemia (SCA) case into 3 
different classes [29]. Also, in a different study to solve the 
5-class anemia classification problem like this study, it was 
proposed to use fuzzy logic-based parameter optimization 
and achieve class-based and overall accuracy improvement 
within the dataset [30]. Six new models are introduced with 
the integration of TreeBagger, Chicken Swarm Optimization 
Algorithm (CSA), CSO and JAYA method.

In this study, 15.300 patient hematology data 
obtained from the study titled “Nutritional Anemia 
Disease Classification Based on Genetic Algorithm and 
Deep Learning Algorithms” by Kilicarslan et al. at Tokat 
Gaziosmanpaşa University Faculty of Medicine [31,32]. 
The dataset encompasses records of individuals with Hgb-
anemia, iron deficiency anemia, B12 vitamin deficiency 
anemia, folate deficiency anemia, and non-anemia. The 
primary objective of this study is to develop a system useful 
in diagnosing anemia in general healthcare services, partic-
ularly in situations where access to specialist physicians is 
becoming challenging due to the rising number of patients 
and hospital density. It is anticipated that this study can 
make substantial contributions not only to non-specialized 
healthcare professionals but also to the existing literature.

It is possible to note that, the MARS method is a math-
ematical modeling approach preferred in general for ana-
lyzing complex data sets and often used in various studies 
such as prediction, analysis, and classification [20,33,34]. 
Different mathematical modeling approaches have been 
studied in detail by mathematicians in the literature [37–
39]. The behavior of MARS can also be seen in many 
studies in the literature. When the studies examined, it is 
understood from the values of different performance cri-
teria that this machine learning based method can be used 
to develop effective prediction models, especially for engi-
neering datasets [20,40].

In this study, it is determined that the MARS method, 
which mathematically models complex data and is fre-
quently used in prediction and classification problems, has 
not been used in the anemia classification problem as far as 
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it is known and examined under two scenarios. 1st order 
multiclass MARS model and 2nd order multiclass MARS 
model. As a result, it aims to reveal complex models by 
examining the pruning parameters and degree values that 
significantly affect the performance of the MARS method. 

MATERIALS AND METHODS

Preprocessing
The data set used in the study is Kılıçarslan et al. It 

includes the blood count results of 15300 patients taken 
from Tokat Gaziosmanpaşa University Faculty of Medicine 
[32]. Data of pregnant women, cancer patients, and chil-
dren and irrelevant and missing parameters were published 
by Kılıçarslan et al. It was removed from the data set by. 
The dataset used in the study includes 24 parameters and 
5 different classes. Due to numerical value differences in 
the data set, blood values were normalized by scaling them 
between 0.1 and 0.9.

MARS Method
MARS method has a nonlinear and nonparametric 

structure and it is a method introduced to the literature by 
Friedman (1991) [41]. With its ability to make reliable pre-
dictions, it finds itself used in many fields thanks to its suc-
cess. Also, it produces strong predictions compared to other 
models and gives robust results. Therefore, despite the fact 
that the models include especially large number of terms, 
it is frequently preferred. MARS method is composed of 2 
stages. And the first of these stages is the stage of “step-for-
ward algorithm’’. In this stage, the aim is to maximize the 
basic functions under the forward step algorithm which 
forms complex model. And as it is a result of this, the mod-
els that include incorrect terms often come out. In this step, 
an iterative process is carried out with the aim of obtaining 
an optimal model by reducing complexity. Thanks to the 
iterative process, it is aimed to achieve a balance between 
accuracy and model complexity until the number of basic 
functions is maximum.

Thanks to the backward step algorithm, the complexity 
of the models produced in the forward step phase is reduced 
and the functions that contribute the least to the increase in 
total squares are determined and removed from the model. 
Improvement is achieved in this way and helps to expand 
and simplify the model. This process is called “pruning” 
and is managed by a hyperparameter called “nprune”. As 
a result, the optimal prediction model is created with the 
pruning parameter [42]. In the MARS method, which pro-
vides good modeling in high dimensional and complex data, 
the degree of pruning affects this performance, as does the 
selection of interactions or functions to be extracted. There 
is another important hyperparameter in the MARS, where 
it creates piecewise basis functions. This is “degree”. This 
parameter contributes an ability that has already learned 
by the model, to understand the different relationships. 

Therefore it can learn complex relationships. Reducing the 
degree, it may also capture simpler relationships. Choosing 
the right degree is very essential for the model that best fits 
with the data and learns, and for not facing with simplifica-
tion problem. In short, degree and pruning parameters are 
very important for this method’s performance.

The general MARS model is expressed as [43]

	 	
(1)

In this context, X represents the independent variable, 
while K denotes the number of basis functions, and k stands 
for the number of nodes. The coefficients of the kth basis 
function are represented by ak, B0 signifies the constant 
term, and Bk(Xt) denotes the k. independent variable for 
the k. basis function. The basis function is expressed as 
k=1,2,..K has the following form [43].

	 	
(2)

According to Equation 2, Lm is the degree of interaction, 
Sl,m ∈ [±1], kl,m is the node value, xv(1,m) is the argument 
value.

Adaptation of the Mars Method to Multiple Anemia 
Classification Problem 

In order to evaluate the performance of the MARS 
method, analyzes were carried out on 2 separate models 
using different combination of hyperparameters. These 
analyzes were carried out on very different set of hyperpa-
rameters. The aim of this analyzes is to find out the pre-
diction performance of the model and / or find out the 
combination of hyperparameters when the model is at peak 
level. This really creates a comprehensive understanding of 
the MARS method applied to the data – how it hinges on 
making elaborate predictions and still maintains reason-
able ability to generalize. Experimentally, MARS_Model-1 
was configured with degree 1 and nprune 20 and MARS_
Model-2 was configured with degree 2 and NPRUNE 20.

For MARS_Model-1, a 10-fold cross-validation method 
was employed, and the accuracy values along with the aver-
age accuracy obtained at each fold are presented in Table 2. 

Table 1. Types of models utilizing the MARS method

Models Model characteristics
MARS_model-1 Degree = 1 nprune = 20
MARS_model-2 Degree = 1 nprune = 20
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The high accuracy values signify that the model is robust 
even in the presence of an imbalanced dataset.

Prior to pruning, 7 basis functions with low success rates 
were produced and subsequently eliminated from MARS_
Model-1. Subsequently, the 20 basis functions generated 
through the MARS method for MARS_Model-1, along with 
the corresponding weights, are detailed in Table 3.

As indicated in Table 3, j represents the number of basis 
functions, and the BFj values denote the basis functions 
defined for the model. Based on the details provided in 
Table 3, the mathematical equation for MARS_Model-1 can 
be expressed as follows:

	

Model − 1class1 = − 125.71 − 363.02xBF1 − 344.7xBF2
	 − 238023.15xBF3 − 408104.61xBF4 − 173907xBF5
	  +  71438.5xBF6 − 71404.2xBF7  +  112.9xBF8
	  +  4258.14xBF9 − 37.93xBF10  +  345.57xBF11
	 − 46.38xBF12  +  175.68xBF13 − 498.41xBF14
	 − 317.83xBF15  +  435.40xBF16 − 562.54xBF17
	  +  2909.55xBF18  +  308.51xBF19 	

(3)

	

Model − 1class2 = −4.3  +  3.37xBF1  +  10.01xBF2 
 +  270.13xBF3 − 863.32xBF4  +  576.51xBF5

	 − 916.55xBF6 − 12198.40xBF7 − 7.69xBF8
	  +  14577.59xBF9  +  30.70xBF10 − 4.91xBF11
	 − 40.22xBF12 − 16.44xBF13 − 14.40xBF14
	 − 112.42xBF15 − 110.40xBF16 − 276.26xBF17
	 − 3255.93xBF18  +  14.83xBF19 	

(4)

Table 2. Accuray values obtained as a result of each fold by 
MARS_model-1.

Resample Accuracy
Fold-1 %97.98
Fold-2 %97.97
Fold-3 %98.50
Fold-4 %97.91
Fold-5 %98.43
Fold-6 %97.84
Fold-7 %97.65
Fold-8 %97.71
Fold-9 %98.24
Fold-10 %97.97
Avg Acc = %98.02

Table 3. The prediction results of MARS_model-1

Basic Functions Weights

1 2 3 4 5
Constant -125.71 -4.3 3.27 -15.13 -6.5

BF1 GENDER -363.02 3.37 4.2 1.79 2.1
BF2 max (0,0.51 − RBC) -344.7 10.01 -18.46 8.70 4.3
BF3 max (0, HBG − 0.45 ) -238023.15 270.13 637.28 332.25 376.8
BF4 max (0, HBG − 0.46) 408104.61 -863.32 -1991.35 -1081.53 -907.4
BF5 max (0, HBG − 0.47) -173907.0 576.51 1375.29 775.40 544.1
BF6 max (0, HBG − 0.51) 71438.5 -916.55 -644.43 -814.26 -416.6
BF7 max (0, HBG − 0.52) -71404.2 -12198.40 -20551.91 -6425.84 -27267.2
BF8 max (0,0.57 − HBG) 112.9 -7.69 11.09 -9.82 -2.1
BF9 max (0, HBG − 0.57) 4258.14 14577.59 23525.97 7988.08 31474.9
BF10 max (0,0.07 − MCH) -37.93 30.70 -37.38 -57.23 -33.7
BF11 max (0, MCH − 0.07) 345.57 -4.91 4.41 -29.11 6.1
BF12 max (0,0.11 − SD) -46.38 -40.22 11.97 -15.25 -22.8
BF13 max (0, SD − 0.11) 175.68 -16.44 42.29 -8.98 -9.7
BF14 max (0, SD − 0.29) -498.41 14.40 -27.40 10.86 10
BF15 max (0, TSD − 0.16) -317.83 112.42 -147.25 174.98 77.9
BF16 max (0, TSD − 0.23) 435.40 -110.40 130.38 -174.64 -77.1
BF17 max (0,0.08 − FOLATE) -562.54 -276.26 -5.99 238.40 -174.7
BF18 max (0,0.006 − B12) 2909.55 -3255.93 -61.46 251.27 784.4
BF19 max (0, B12 − 0.006) 308.51 14.83 -11.04 16.43 -4127036.3
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Model − 1class3 = 3.27 + 4.2xBF1 − 18.46xBF2
	 + 637.28xBF3 − 1991.35xBF4 + 1375.29xBF5
	 − 644.43xBF6 − 20551.91xBF7 − 11.09xBF8
	 + 23525.97xBF9 − 37.38xBF10 + 4.41xBF11 
	 + 11.97xBF12 + 42.29xBF13 − 27.40xBF14
	 − 147.25xBF15 + 130.38xBF16 − 5.99xBF17
	 − 61.46xBF18 − 11.04xBF19 	

(5)

	

Model − 1class4 = −15.13 + 1.79xBF1 + 8.70xBF2
	 + 332.25xBF3 − 1081.53xBF4 + 775.40xBF5
	 − 814.26xBF6 − 6425.84xBF7 − 9.82xBF8
	 + 7988.08xBF9 − 57.23xBF10 − 29.11xBF11 
	 − 15.25xBF12 − 8.98xBF13 + 10.86xBF14
	 + 174.98xBF15 − 174.64xBF16 + 238.40xBF17
	 + 251.27xBF18 + 16.43xBF19 	

(6)

	

Model − 1class5 = −6.5 + 2.1xBF1 + 4.3xBF2 + 376.8xBF3
	 − 907.4xBF4 + 544.1xBF5 − 416.6xBF6 − 27267.2xBF7
	 − 2.1xBF8 + 31474.9xBF9 − 33.7xBF10 + 6.1xBF11
	 − 22.8xBF12 − 9.7xBF13 + 10xBF14 + 77.9xBF15 
	 − 77.1xBF16 − 174.7xBF17 + 784.4xBF18
	 − 4127036.3xBF19 	

(7)

According to the information provided in Table 3 
and Equations 3-7, the MARS method pruned and elimi-
nated 16 out of the 24 parameters from the model as they 
made minimal contributions to the model’s performance. 
Consequently, the model was constructed with parameters 
such as GENDER, RBC, HBG, MCH, SD, TSD, FOLATE, 
and B12, which have a high contribution to the model per-
formance. Upon reviewing Equations 3-7, it is evident that 
with a degree of 1, the formation of simple linear functions 
occurs, without any interaction among the basis functions. 
As stated in the equations, the dataset was subjected to 
class-based modeling with the MARS method, and the pre-
diction result with a high success rate was taken as a refer-
ence. Classification was performed in this way.

For MARS_Model-2, 10-fold cross-validation was 
applied and the accuracy and average accuracy values 
obtained at each folding step are presented in Table 4. High 
accuracy values indicate that the model is not affected by 
the unbalanced data set.

Before the pruning process for MARS_Model-2, a 
collection of 32 basis functions was initially created, fol-
lowing which 12 functions with lower success rates were 
omitted from the model. Subsequently, Table 5 presents 
the 20 basis functions derived using the MARS method 
for MARS_Model-2, inclusive of their corresponding 
weights.

	

Model − 2class1 = −980.82 + 114.02xBF1 + 101764.59xBF2
	 − 134629.02xBF3 + 34290.32xBF4 + 1682.25xBF5 

− 103544.43xBF6 + 91825.56xBF7 + 20620.6xBF8
	 − 52302.795xBF9 + 41493.423xBF10 + 8.29xBF11
	 − 31.94xBF12 + 37.45xBF13 − 70.35xBF14
	 − 141.35xBF15 + 718.07xBF16 − 645.69xBF17
	 + 859.32xBF18 + 5601.58xBF19 	

(8)

	

Model − 2class2 = −0.64 + 1.18xBF1 − 227.76xBF2
	 − 173.04xBF3 + 319.64xBF4 + 242251.42xBF5
	 − 12420.24xBF6 − 1776.51xBF7 − 32.58xBF8
	 + 182.65xBF9 − 54.8xBF10 − 28.69xBF11
	 + 145.03xBF12 + 1440497.07xBF13
	 − 1440545.22xBF14 + 194.93xBF15 − 1330.09xBF16
	 − 1439373.27xBF17 − 1358.75xBF18 − 20917.73xBF19 	

(9)

Model − 2class3 = +1.13 − 3.15xBF1 − 594.10xBF2
	 + 362.84xBF3 + 10.65xBF4 − 12.37xBF5
	 − 3779.46xBF6 − 2504.97xBF7 − 134.71xBF8
	 + 397.15xBF9 + 4.44xBF10 + 80.66xBF11
	 − 542.99xBF12 − 176.54xBF13 + 210.18xBF14
	 − 363.42xBF15 + 2035.7xBF16 − 1487.89xBF17
	 − 233.22xBF18 + 96.33xBF19 	

(10)

	

Model − 2class4 = +0.53 + 0.77xBF1 − 762.61xBF2
	 + 847.54xBF3 − 399.29xBF4 + 15652.09xBF5
	 − 17315.68xBF6 − 869.46xBF7 − 137.27xBF8
	 + 383.62xBF9 + 103.92xBF10 + 176.29xBF11
	 − 3008.09xBF12 + 94423.9xBF13 − 94344.426xBF14 

− 175.84xBF15 − 5330.8xBF16 − 88906.14xBF17
	 + 3485.53xBF18 − 256.41xBF19 	

(11)

	

Model − 2class5 = − 1.71 + 0.41xBF1 − 271.61xBF2
	 + 139.7xBF3 + 4.3xBF4 + 261731.73xBF5
	 − 24207.21xBF6 − 690.03xBF7  − 27.48xBF8
	 + 145.52xBF9 + 36.53xBF10 − 10.48xBF11
	 − 19.02xBF12 + 15566.1xBF13 − 1556574.2xBF14
	 + 183.53xBF15 − 1116.8xBF16 − 15555652.35xBF17
	 − 1838.8xBF18 + 14763.27xBF19 	

(12)

Table 4. Accuray values obtained as a result of each fold by 
MARS_model-2.

Resample Accuracy
Fold-1 %98.17
Fold-2 %97.97
Fold-3 %98.36
Fold-4 %97.84
Fold-5 %98.63
Fold-6 %98.24
Fold-7 %98.24
Fold-8 %98.10
Fold-9 %98.69
Fold-10 %98.23
Avg Acc = %98.25
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Upon examination of Table 5 and Equations 8-12, it is 
evident that the highest interaction level of the basis func-
tions is 2, established by setting the degree to 2. This signi-
fies that the model’s basis functions consist of both linear 
and quadratic functions, as depicted in Table 5.

With the MARS method, it was observed that BF1, BF2, 
BF3, BF4, and BF5 represent linear functions, while the 
remaining basis functions are quadratic functions result-
ing from the product of two basis functions. Additionally, 
19 out of 24 parameters were pruned and eliminated from 
the model due to their minimal contribution to the mod-
el’s performance, resulting in the model being created with 

GENDER, HBG, TSD, FOLATE, and B12 parameters, which 
exhibited high contribution to the model performance.

Upon reviewing Equations 8-12, it is evident that the 
dataset is modeled based on a class basis using the MARS 
method, with the prediction result showing a high suc-
cess rate serving as the benchmark for classification. 
Classification was carried out in this manner. Consequently, 
when evaluating new patient data using Equations 3-12, 
classification can be accomplished by inputting the required 
information into the BFj basis functions.

Evaluation
In this study, a 10-fold cross-validation method is used 

to evaluate the performance of the proposed models for 

Table 5. The prediction results of MARS_model-2

Basic Function Weights

1 2 3 4 5
Constant -980.82 -0.64 1.13 0.53 -1.71

BF1 GENDER 114.02 1.18 -3.15 0.77 0.41
BF2 max (0, HBG − 0.45) 101764.59 -227.76 -594.10 -762.61 -271.61
BF3 max (0, HBG − 0.47) -134629.02 -173.04 362.8 847.54 139.7
BF4 max (0, HBG − 0.49) 34290.32 319.64 10.65 -399.29 4.3
BF5 max (0,0.57 − HBG) 1682.25 242251.42 -12.37 15652.09 261731.73
BF6 GENDER*

max (0, HBG − 0.52)
-103544.43 -12420.24 -3779.46 -17315.68 -24207.21

BF7 GENDER*
max (0, HBG − 0.51)

91825.56 -1776.51 -2504.97 -869.46 -690.03

BF8 GENDER*
max (0, HBG − 0.4)

20620.6 -32.58 -134.71 -137.27 -27.48

BF9 GENDER*
max (0, HBG − 0.43)

-52302.795 182.65 397.15 383.62 145.52

BF10 GENDER*
max (0, HBG − 0.48)

41493.423 -54.8 4.44 103.92 36.53

BF11 GENDER*
max (0,0.24 − TSD)

8.29 -28.69 80.66 176.29 -10.48

BF12 max (0, HBG − 0.44)*
max (0,0.24 − TSD)

-31.94 145.03 -542.99 -3008.09 -19.02

BF13 max (0,0.57 − HBG)*
max (0, TSD − 0.35)

37.45 1440497.07 -176.54 94423.9 1556592.1

BF14 max (0,0.57 − HBG)*
max (0,0.35 − TSD)

-70.35 -1440545.22 210.18 -94344.426 -1556574.25

BF15 max (0,0.57 − HBG)*
max (0, TSD − 0.25)

-141.35 194.93 -363.42 -175.84 183.53

BF16 max (0,0.57 − HBG)*
max (0, TSD − 0.21)

718.07 -1330.09 2035.7 -5330.8 -1116.8

BF17 max (0,0.57 − HBG)*
max (0, TSD − 0.18)

-645.69 -1439373.27 -1487.89 -88906.14 -15555652.35

BF18 max (0,0.57 − HBG)*
max (0,0.83 − FOLAT)

859.32 -1358.75 -233.22 3485.53 -1838.8

BF19 max (0,0.57 − HBG)*
max (0,0.006 − B12)

5601.58 -20917.73 96.33 -256.41 14763.27
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classifying the five-class anemli problem. The strategy of 
dividing the dataset into 10 different subsets and testing 
one subset at a time involves using the remaining subsets 
for training purposes. In this way, problems due to class 
imbalance were minimized. Performances were measured 
with ROC analysis metrics. ROC analysis is a performance 
evaluation metric. The results obtained showed that the 
proposed models were effective in correctly classifying the 
anemia class.

In equations 13-16, macro metric formulas represent-
ing unweighted average calculations for each class are 
presented.

	 	 (13)

	 	 (14)

	 	
(15)

	 	 (16)

Within the equations, when considering the macro 
metric m and the classes = {non-disease records, HGB-
anemia, iron deficiency anemia, B12 deficiency anemia, folic 
acid deficiency anemia}, the term TPc denotes the count of 
samples accurately categorized as c.

The objective of ROC analysis is to assess the efficacy of 
outcomes derived from different methods and to compare 
them using metrics like Accuracy, Specificity, Sensitivity, 
F1-Score, Precision, and AUC [44]. The fundamental 
ROC parameters utilized in the analysis, namely FN (False 
Negative), TN (True Negative), FP (False Positive), and TP 
(True Positive) serve to indicate the accuracy of the classifi-
cation results through true and false predictions.

To evaluate model performance, it is important to select 
appropriate metrics such as Accuracy, AUC and F1-Score. 
Accuracy measures the proportion of correct predictions, 
while AUC evaluates the balance between True Positive Rate 
(TPR) and False Positive Rate (FPR) at different thresholds, 
targeting high TPR and low FPR (Yagmur et al., 2024). In 
unbalanced datasets, relying on Accuracy alone is insuffi-
cient. Sensitivity and recall-based F1-Score are commonly 
used for imbalanced datasets. A high F1-Score indicates 
the minimal difference between two values. In particular, a 
high recall implies low sensitivity and vice versa. Moreover, 
a high recall value implies that a significant proportion 
of samples in the minority class are correctly predicted, 
while high precision indicates that the predicted minority 

samples most likely belong to the minority class. Increasing 
precision and recall values lead to a higher F1-Score, indic-
ative of the difference between minimal precision and recall 
values.

Although AUC is widely used to address imbalanced 
data issues, the F-measure is considered more appropriate 
for imbalanced data sets. This is because the minority class 
usually has a higher weight than the majority class and the 
F-measure is capable of classifying samples in the minority 
class with better accuracy and less misclassification. The 
F-measure focuses only on the accuracy of the classifier on 
the minority class. The AUC measure evaluates the overall 
accuracy of the classifier on both the majority and minority 
classes. Given the imbalanced nature of the dataset used in 
this study, the next section compares the performance of 
AUC and F1-Score. However, other studies in the literature 
often prioritize accuracy metrics, so additional ROC met-
rics are also presented.

RESULTS AND DISCUSSION

This study encompassed the execution of a classifica-
tion analysis on the blood metrics and results of patients 
diagnosed with anemia. Patients were sorted using the 
MARS method, with the effectiveness of the method evalu-
ated across two separate models.

For MARS_Model-1, 1st order models with a pruning 
coefficient of 20 and for MARS_Model-2, 2nd order mod-
els with a pruning coefficient of 20 were used.

In this part, we display ROC performance analyses and 
confusion matrices and obtained for two separate models. 
Figure 1, 2 exhibits the confusion matrices for MARS_
Model-1 and MARS_Model-2, alongside the computed 
ROC performance values derived from these matrices.

These analyses visually present the classification per-
formance of each model and evaluate the sensitivity, speci-
ficity and performance of the algorithms through the ROC 
curves given in Figure 3, 4. The results obtained reveal that 
Model-1 and Model-2 have successful classification perfor-
mance. These graphs allow us to evaluate in more detail the 
ability of each algorithm to detect the disease.

The evaluation of confusion matrices in Figure 1 and 
Figure 2 reveals that, as a result, 282 patients were misclas-
sified by Model-1, and 260 patients were misclassified by 
Model-2 out of the total cases.

Table 6 encompasses ROC performance analyses 
obtained from testing two different models. This table pro-
vides a detailed overview of the sensitivity, specificity, and 
overall performance of each model through ROC curves. 
ROC performance analyses assess the ability of Model-1 
and Model-2 to detect the disease, offering a comprehensive 
view of the classification performance of each algorithm.

The results of evaluation on MARS method perfor-
mances are given in Table 6. The accuracy measures are 
quite successful in both tables and the proposed methods 
exhibit high precision through the datasets.Creation of 
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Figure 4. ROC of model-2.

Figure 3. ROC of model-1.

Figure 1. Confussion matrix of model-1. Figure 2. Confussion matrix of model-2
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effective classification on such an imbalanced dataset is 
quite striking across ten different subsets. In our study on 
discrimination of anemia disease through the same levels 
of different parameters, we applied the two tests which are 
capable of successfully modeling and interpreting interac-
tion among anemia parameters in different levels. The high 
efficacy of MARS method was revealed in the classifica-
tion of anemia disease. The F1-Score values of 92.08% and 
92.74% signify a higher percentage of accurately classified 
instances within the minority class and a decreased misclas-
sification rate. This metric provides an overall assessment 
of model performance by balancing precision and recall. 
The research demonstrates positive outcomes in the clas-
sification of diverse types of anemia diseases using MARS 
methods, specifically highlighting their effectiveness in 
addressing issues arising from dataset imbalance.

CONCLUSION 

The dataset used in the study consists of complete 
blood count results obtained from studies conducted at 
Gaziosmanpaşa University Faculty of Medicine. This data 
set includes information on 15.300 patients between 2013-
2018. In the study conducted by Kılıçarslan and colleagues, 
data from pregnant women, cancer patients and children 
were excluded and the dataset was subjected to a noise 
removal process to eliminate insignificant and missing 
parameter records. The parameter values of the dataset, 
which was made publicly available in the Kaggle database, 
were normalized by scaling them between 0.1 and 0.9. This 
normalization aimed to compensate for significant numer-
ical differences between parameter values. 

Tests were conducted on two different models (Model-1 
and Model-2). The tests performed on two different mod-
els with parameters set as multivariate adaptive regres-
sion spline method 1st order and pruning coefficient 20 
for Model-1 and 2nd order and pruning coefficient 20 for 
Model-2 gave successful results. For Model-1, 98.1569% 
accuracy, 92.31% precision, 91.90% recall, 92.08% F1-score 
were obtained. Model-2 showed 98.30% accuracy, 92.91% 
precision, 92.76% recall and 92.74% F1-score. As a result, 
Model-1 misclassified a total of 282 patients, while Model-2 
misclassified a total of 260 patients. 

The findings from this study are expected to provide 
valuable information for medical students and practitioners 
in predicting five different types of anemia. We are confi-
dent that the classification performance of our proposed 
models will contribute positively to the existing literature. 

In future studies, more parameters and patient datasets 
can be used and success can be compared using different 
degrees and pruning coefficients.
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