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Abstract: The Paper discussed the performance of 3 classification techniques (Hoeffding Tree, Logistic Model Tree, 

and Random Tree) by applying it on a dataset of 539 samples. This was done using 11 features related to 

blood tests regarding anemia classes by applying 10-fold cross-validation to each technique with time 

consideration as well. The process was done firstly without feature minimization and showed that LMT 

achieved the highest accuracy with about 85.53%, then followed by the Random Tree and the Hoeffding Tree 

with approximately 1 and 2 differences respectively. Classification time also evaluated for this process with 

leading amplitude for the Random Tree about 0.02 seconds, then followed by the Hoeffding Tree and the 

LMT with higher running time due to the long mathematical calculations of LMT and Hoeffding Tree. In the 

second step, feature selection was applied and the elimination mechanism was done for features that 

considered as less impact on the prediction results such as Gender, Age, and WB. These combinations of 

feature selection provided better results for three utilized techniques that reach 96.27% for LMT, 94.42 for 

the Hoeffding Tree's, and 91.26% for th Random Tree. The results highlighted the impact features on Anemia 

dataset that should be assembled for such a clinical dataset to provide accuracy improvement and lower 

processing time. 

1 INTRODUCTION 

Medical data diagnoses and classification attract 

researchers of the data mining field and data analyses 

in the last few years. Serious diseases which threaten 

human lives were the main targets in these studies to 

predict disease behavior depending on previous 

different patients' data recorded in healthcare centers 

like hospitals, research centers, or else. Many 

different data-mining algorithms in literature are used 

to classify several types of diseases, into specific 

types based on the data-mining algorithms [1]. 

Anemia is considered as one of the complicated 

disorders due to unpredictable symptoms or not clear 

to the affected patients. This is one of several reasons 

that people may expose their health to danger without 

knowing the cause. The duty of these prediction 

systems that programmers designed will save their 

life or to reduce the seriousness of late prediction of 

this disease. Researchers are aware of applying and 

studying such disorders such in [2]. Iron deficiency 

was introduced and calculated for children in this 

paper with applying fuzzy system, it was employed 

for only two features and gave a review comparison 

between its results and the previous results at the 

same field and methods. Some of these studies get the 

classical way and normal tree classifications or by 

using an optimization technique like sequential. 

Experiments were the main layout that authors 

applied for anemia and depends on patient’s 

attributes, which either collected from hospitals or 

healthcare. Some of these studies deal with Anemia 

disease as a binary problem issue such in [3], when 

authors applied six techniques as a multiple class 

detection for the 3 required prediction classes based 

on data collected from an infected zone in some 

places in India. Balancing data with key selections to 

the most voting attributes, perception was provided 
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with the best results with 10 validations among 

datasets. Researchers compared between some 

algorithms to classify and clear the way of prediction 

system according to the collected data. Generating 

and assembling data from patients is important but 

not adequate without processing to import the 

knowledge from these data. Techniques are applied to 

different datasets regardless of knowing the matching 

ability between techniques and datasets. In addition, 

prediction process has a time scale, feature affection 

and accuracy to examine its efficiency. In [4], a 

review study was done by some authors to list the 

points between some techniques to test and examine 

its according to anemia information. Worthy studies 

that considering anemia dataset as a model to lead the 

way of anemia detection and to get time racing using 

multiple classification methodologies was explained 

and studied by years such in [5]-[8]. Also, various 

studies on blood disease have been conducted by 

various methods as in the literature [9], [10]. This 

study considers a problem statement to classify 

targeted anemia diseases dataset with three 

classification methods to build prediction system with 

high accuracy and ideal time in two phases, first with 

all given attributes, second, use feature selection to 

reduce attributes. Logistic Model Tree (LMT) with 

feature selection provides significant results among 

other suggested models. Based on the different 

parameters of the blood samples have to be examined 

to carefully detect the required classes at the early 

period of this disease. 

The major gap that made authors deal with this 

type of field is the instability with limited 

performances in Anemia prediction especially for 

large dataset with varying features [11]. In addition, 

articles such in [12] deal with Anemia as binary 

classification for the presence or the absence of 

disease, but not several types of Anemia. The 

detection process in this article was done for different 

Anemia classes as well with plenty type of techniques 

without providing more combination methods for 

efficiency improvement such like feature 

specifications such in [13], when authors utilized 

classical Decision Tree for this purpose. In addition, 

several studies as well do not specify the challenge of 

feature selection adequately, often using all attributes 

without considering their related to the prediction 

process, which can lead to unnecessary noise and 

longer processing times as studied in [14]. The choice 

of specific techniques in this article like Hoeffding 

Tree, LMT, and Random Tree due to several reasons, 

for example the Hoeffding Tree is suitable for large 

dataset with varying features and limited memory 

space as in [15]. This characteristic is important 

especially when dealing with healthcare datasets that 

usually changed or varied by time and samples. In the 

other hand, the LMT combines decision tree logic 

with logistic regression, that make this technique the 

probability to deal with categorized and continues 

dataset as in [16]. Also, the selection of the third 

techniques Random Tree, due to the process of 

creating multiple tree with a combination scheme to 

minimize overfitting that occurred in this type of 

dataset. The flexibility property of Random Tree 

makes it the best selection for complex classification 

tasks such for healthcare detection process [17]. 

While previous studies on anemia prediction have 

made strides in applying decision tree models 

(e.g., [12], [15]), they often lack a comprehensive 

evaluation of the trade-offs between model 

complexity and computational efficiency. Moreover, 

there is limited research comparing different tree-

based algorithms on the same dataset with a focus on 

minimizing both prediction error and processing time. 

By integrating feature selection, this study aims to fill 

this gap by improving both the accuracy and the 

efficiency of anemia classification, offering a 

practical solution for real-world healthcare 

applications. Furthermore, the selection of these tree-

based algorithms allows for a more nuanced 

understanding of how different features interact and 

influence anemia diagnosis, thus contributing to more 

accurate and timely clinical decision-making. 

2 STUDY SAMPLES OF THE 

MEDICAL DATASET 

The information used in this study was gathered 

through anemia reports which included (6–56) years 

of age ranges for (539 patients, 211 normal 

individuals, and 328 sick subjects) that were reported 

in the literature [18]. Acute or chronic diseases have 

an associated progress related to parameters and 

elements which referred to be risk factors such 

as [19], where pointed to several diseases like 

COVID-19 to define the class results and outcome 

based on these attributes and properties. The 

investigation of risk factors was also adopted by 

authors in [20], [21] to study it according to 

cardiovascular disease and diabetic patients. 

Researchers list a few blood disorders, including 

spherocytosis, iron deficiency anemia, vitamin B12 

deficiency, thalassemia, and sickle cell disease (5). 

Samples that uploaded to this system have some 

attributes related to each patient who is suffering or 

not suffering from this disorder. These attributes or 
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features are independent to each other, in addition, it 

was read patient by patient after converting these data 

to a proper form to deal with it. The sequence of these 

data was not important, especially when it was 

considered as an independent variable, but each 

parameter has some effect on the disease differs than 

other parameters which make it hard to predict in 

normal ways. Tests were made for each patient, like 

the Hemoglobin test that consists of some anemia 

related parameters such as (RBC and MCH). Ten 

parameters were collected for each sample including 

the age and the gender type. However, this prediction 

system which was designed in this paper is addressed 

for 6 classes of Anemia (one for Anemia absence and 

the other are related to Anemia types) as explained 

more in [22]. The dataset is available online in [18], 

included a details explanation of biomedical features 

for the classification of anemia types. This dataset 

consisted of ten features as mentioned in the previous 

section which included Hemoglobin, the count of Red 

Blood Cell Count, the count of White Blood Cell. 

Also, this dataset consists of Platelet Count, Mean 

Corpuscular Volume, Mean Corpuscular 

Hemoglobin, Serum Ferritin, Transferrin Saturation, 

Serum Iron in addition to Age. These features were 

selected based on their related to anemia and the 

availability with 6 classes. The dataset classes are 

Iron Deficiency, Hemoglobin production, Vitamin 

B12 Deficiency, Folate Deficiency, Aplastic, 

Hemolytic in addition to Sickle Cell. These classes 

specified unique classes with a suitable distribution.  

3 THE PROPOSED METHODS 

The variety in classification models or algorithms that 

were used for decision making or prediction design 

for medical assembled data provides multiple and 

different criteria for the specific problem according to 

the adopted features. The capability of each model 

depends on many parameters such as the main model 

parameters and its values to be close to the better 

solutions and depends as well on the uploaded data, 

which is also differs when data changes. Studying 

these models carefully to be fitting with the proposed 

model is needed, in addition, the selection of 

parameters may change in many steps until reaching 

the required model that provided the best decision to 

the researcher or according to the related disorder. 

Therefore, before starting any classification models 

for the specific problem authors and researchers 

ought to reach the best path leading the way to the 

best solution. Tree classification and its modification 

get researchers interested in the medical, several 

studies appear to improve tree model in wide and 

verity problem domains [23]. In this paper, three 

classification techniques employed to predict a 

deficiency of important parameter in the body iron or 

called anemia: by applying tree types such as 

Hoeffding Tree or combining logistic regression with 

normal type of decision tree such in Logistic Model 

Tree or using recursive partitioning such in Random 

Tree. The proposed study conducted in two phases. 

The first phase determines the best of the three 

abovementioned methods in anemia prediction. A 

feature selection strategy is used in the second phase 

to discover the effect of attributes reduction in the 

prediction operation of anemia. The prediction 

techniques are listed in the following three 

subsections. 

3.1 Hoeffding Tree 

It has employed for a fixed dataset which is stable at 

time, which is applied as well for big data stream as 

an incremental type of the classical design of the 

decision tree rules [24]. As shown in Figures 1 and 2, 

Hoeffding rules are applied incrementally as a 

decision tree working with multiple steps and parts. 

After the previous steps have a sufficient calculation 

of clue that lead to the end of the first (previous) 

branch, then moving forward to expanding rules and 

branches one by one and according to the same rules 

of Decision Tree. 

Its Operated by incrementally learning from data 

regardless storing the entire dataset by working with 

each incoming data point one at a time. The split 

process was done when the node is full of data using 

the Hoeffding Bound. When the bound is reached, the 

node was split according to the best features with 

threshold. The split process will be repeated when 

ever changing was occurred in the streaming dataset. 

The process is efficient, allowing the tree to learn in 

real time while handling large, continuous data 

streams. 
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Figure 1: Hoeffding Tree first branches moving and splitting steps. 

Figure 2: Hoeffding Tree based on two features (RBC and HB), where the colors dots are the different 6 Anemia 

classes. 
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3.2 Logistic Model Tree 

As mentioned before, the use of linear regression 

model and applied it with decision tree algorithm 

which defined as Logistic Tree, such is explained 

in [25]. Figure 3 shows LMT which follows an idea 

which mixes between logistic regression and the 

conventional normal decision tree rules and leads to 

clearly class estimation rather than decision tree 

itself. These are the following calculations related to 

Anemia dataset and based on LMT. 

Logistic model tree:  

------------------ 
HB <= 11.1 

   RBC <= 8.7 

MCH <= 30.2 

HB <= 9.7: LM_1:5/25 (228) 

HB > 9.7 

Age <= 17: LM_2:5/30 (23) 

Age > 17: LM_3:5/30 (15) 

MCH > 30.2: LM_4:5/20 (9) 

RBC > 8.7: LM_5:5/15 (54) 

HB > 11.1: LM_6:5/10 (210) 

Number of LMT leaves: 6 

Size of the LMT: 11. 

The LMT used a series of decision rules to classify 

data based on features as taken in this results like HB, 

RBC, MCH, and Age. The first split was a according 

to threshold value when HB <= 11.1 or RBC <= 8.7. 

each split in this case was lead to different branches 

until reaching the final leaf node which is called 

LM_1, LM_2 that represent final classification 

decisions. The case of LM_1:5/25 (228) means that 5 

out of 25 instances reaching this leaf were classified 

correctly, while the total number of processed 

samples was 228 by this node only. The tree 

processing continued with new split to refine the 

prediction based on other features as well until 

providing the best results with higher performances.  

3.3 Random Tree 

Random tree is applied for data classifications by 

adding the regression tree as well. In this model, data 

is divided into subsets that have the same output class 

type of anemia (in this paper to 6 subsets or groups of 

data). Then checking these subsets according to the 

overall related attributes and define the noisy feature. 

These subsets are split into two repeatedly, until the 

constraints or the stopping conditions are satisfied. 

Training data was used to develop this tree model, 

then it randomly uses a data part to divide the tree 

again [26]. These are the following conditions and 

steps calculations of Random tree according to 

Anemia dataset as Figure 4 and Figure 5. The tree 

started by evaluating HB value as threshold 

condition, then according to the selected value of 6.3 

the tree was divided into two branches and continues 

to split more based on different features, in this case 

was th AGE and MCV feature, with threshold values 

for AGE < 26 and MCV >= 66.5. this process will 

continue till stopping condition like maximum depth 

or even minimum size are reached. This technique 

selected different groups of features at each epoch, 

ensuring that the tree does not overfitting and remains 

adaptable to new data. The tree ultimately creates 6 

subsets, each corresponding to a different class of 

anemia, with each leaf node representing a final 

classification based on the feature conditions. 

Figure 3: LMT results based on the Age and MCH, where the colors dots are the different 6 Anemia classes. .
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Figure 4: Random Tree results based on MCH and HB where the colors dots are the different 6 Anemia classes. 

 

Figure 5: A part of the random tree which overall size is 151. 

3.4 Related Measurements of the 
Methods 

In order to satisfy the objective of the study we need 

to measure the proposed methods using suitable 

metrics. Most evaluation metric use for classification 

is accuracy [27]. Accuracy metric calculated and 

represented the rate between true prediction to overall 

prediction. Which is related to TPOS: positive classes 

predicted true, TNEG: negative classes predicted 

true, FPOS: positive classes predicted false, FNEG: 

negative classes predicted false. Mean absolute error 

is another evaluation metric used to measure models' 

performance, MAE evaluate the absolute error of the 

model and calculated to provide more decision 

accuracy. Finally, the process time to accomplish 

dataset classification for every model. 

4 RESULTS AND DISCUSSION 

The number of attributes applied before cancelling or 

deleting unnecessary features/attributes are 11 

attributes. Which are listed as the blood tests with its 

parameters and the last feature are the classes of 

anemia. Each method applied is measured with 10-
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fold cross validation and time taken is also considered 

as well. Correctly identified cases were done for 

Hoeffding Tree, LMT and Random Tree, which were 

done as well for the same 11 features.  

Feature selection techniques have been applied 

like Classifier Attribute Evaluation, Classifier Subset 

Evaluation, and Gain Ratio to improve the overall 

system accuracy and deleted any undesired features. 

Also, Classifier Subset Evaluation to ensures that the 

only relevant features, when considered together, 

contribute the most to the classifier’s ability to make 

accurate predictions. In addition, Gain Ratio was 

utilized as well to measure the efficiency of each 

attribute which it is effective for identifying features 

that provide substantial discriminative power. The 

less impact features that have been approved by these 

three techniques were Gender, Age, and WBC. As a 

result, these features have been deleted from the 

dataset in the second step of article works to enhance 

the performance. By focusing on the more relevant 

features, this selection process improved the accuracy 

of the predictive models, that ensuring only the most 

influential attributes have been chosen for 

classification. 

The results of three utilized techniques for feature 

process was shown in Table 1, demonstrating the 

stable and rank value for the applied features. The 

relative important with high rank features that have 

higher value than 0.5 was kept and other related 

features with less contribution was omitted from the 

dataset for the next procedure. The highest rank was 

for several parameters like HB, RBC and Serum 

Ferritin, showing their strong contribution in the 

results of prediction system. Other features have been 

moderate affection on the prediction performances 

like PLT, MCV, MCH, Serum Iron, and TS. 

However, attributes like Gender, Age, and WBC have 

very low impact on the prediction process especially 

for decision tree models. This stable and matching 

between all three selection techniques justifies their 

removal from the dataset, as these features introduced 

noise and redundancy which gradually changed the 

final model results. After deleting low effect features 

from Anemia dataset, not only one of the models was 

improved, overall techniques have been enhanced and 

provided more efficient. 

Accuracy for all of the mentioned methods was 

shown in Table 2, which is done for 539 instant and 

before minimizing of patient's attributes. As cleared 

in Table 2, accuracy is measured for the overall 

models and has a promising result. But the LMT 

provided the best classification technique’s results. 

Figure 6 shows the correct and incorrectly classified 

instances. While the time taken was 0.02 seconds for 

Random Tree technique which was the minimum 

value compared to elapsed time taken by other 

techniques. In addition, Hoeffding Tree was close to 

this value with 0.03 seconds and this due to that, these 

techniques are dealing with overall characteristics 

and features of 539 samples. While, the LMT has 

taken about 0.47 seconds, and this is due to the 

combination between ordinary tree decision and 

logistic regression for a noisy or a small amount of 

data are available. 

After applied feature selection on 11 overall 

attributes, it has been specified that three of these 

features are not important to the overall measurement. 

These attributes are Gender, Age and WBC. This 

study is focus on these unusual collecting features 

which minimize the overall accuracy and increase 

time taken by some of applied techniques as shown  

in Table 3. 

Table 1: Feature selection evaluation results for each attribute. 

Feature 

Rank Score of the 

Classifier Attribute 

Evaluation 

Contribution of the 

Classifier Subset Evaluation 

(Contribution %) 

The information 

gain of Gain Ratio 

Impact on 

Anemia Dataset 
Decision 

HB 0.962 18.5% 22.7% High Impact Kept 

RBC 0.945 16.8% 21.2% High Impact Kept 

WBC 0.452 5.4% 6.1% Low Impact Canceled 

PLT 0.833 12.1% 10.3% Moderate Impact Kept 

MCV 0.885 10.7% 11.8% Moderate Impact Kept 

MCH 0.904 11.5% 12.4% Moderate Impact Kept 

Serum 

Ferritin 
0.939 12.9% 13.7% High Impact Kept 

TS 0.911 10.8% 11.6% Moderate Impact Kept 

Serum 

Iron 
0.928 10.2% 10.9% Moderate Impact Kept 

Age 0.388 4.6% 5.3% Low Impact Canceled 

Gender 0.341 3.5% 4.1% Low Impact Canceled 
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(a) (b) (c) 

Figure 6: The correctly and incorrectly classified instances for a) hoeffding tree, b) LMT and, c) random tree. 

  

Figure 7: Overall accuracy and mean absolute error for LMT. 

Table 2: Overall accuracy of applied techniques without 

minimizing features. 

Method Accuracy (%) 
Mean Absolute 

Error 

Hoeffding Tree 82.7458 0.0651 

LMT 85.5288 0.0707 

Random Tree 84.6011 0.0513 

 

Table 3: Overall accuracy of applied techniques by 

minimizing features. 

Method Accuracy (%) 
Mean Absolute 

Error 

Hoeffding Tree 94.4156 0.0624 

LMT 96.2709 0.0699 

Random Tree 91.2616 0.0625 

 

In Table 3, results show that Hoeffding Tree and 

LMT have the most impact with features 

minimizations. In addition, the mean absolute error 

has been minimized according to attributes number 

decreasing as shown in Figure 7. These attributes 

have been proved that there is no need to collect more 

data than required for each patient. Data should be 

calculated and measured before collecting from 

patients, which provided minimum time for the 

overall process and makes applied techniques more 

efficient with minimum data. The overall time taken 

by these applied techniques is about 0.01 seconds, 

while 0.03 seconds was for LMT technique. This led 

the researchers to make such a study which minimizes 

cost and time for the overall detection and 

classification process. While random tree shows that 

a larger amount of data is required to identify each 

sample and patient. 

5 CONCLUSIONS 

In this study, the proposed tree-based classification 

models achieved with a high efficiency the objective 

of anemia type classification based on the utilized 

dataset of 539 samples and 10 features. Three 

decision tree algorithms were applied Hoeffding 

Tree, Logistic Model Tree, and the Random Tree, that 

divides the dataset into sets for classification. First the 

techniques have been applied without deleting any 

attributes with performances evaluations. The same 

techniques have been applied after feature selection 
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was done and then some of the features were deleted. 

The deleted attributes were Gender, Age, and WBC 

have less effected to model performance and due to 

this effectiveness, these features were deleted. 

Through the utilized model, LMT achieved the 

highest accuracy which has been increased with 9% 

after deleting the less effected features from 85.5% to 

96.27%. These results specified that careful 

preprocessing of such a clinical dataset enhance the 

performances of Machine Learning. The study proved 

that the importance of identifying relevant features to 

support accurate automated classification was one of 

the major thoughts for such a work. In this paper, the 

obtained accuracy for the proposed model met the 

objective of anemia classification for the six types 

based on tree classification models. According to the 

calculations, these parameters add some noises to the 

uploaded dataset that made the predication path 

wrong based on the applied methods. This study 

approves that selecting the suitable dataset with a 

suitable attribute is important as selecting the main 

parameters of the method. 

The feature selection also presented the results 

that revealed the critical ones for predicting anemia 

depending on their three-evaluation metrics. Among 

the utilized features, the HB provided the most impact 

with highest rank score of about 0.962. while, the 

RBC count also showed a high impact with a rank 

score of about 0.945. Serum Ferritin follows closely, 

reflecting its role in assessing iron stores, particularly 

for iron-deficiency anemia, with a rank score of about 

0.939. Other features, like PLT, MCV, MCH, TS, and 

Serum Iron, also contribute moderately to the 

prediction of anemia, but were not like the HB or 

RBC in their overall effect. These moderate impact 

features provided valuable amplitude which used to 

smooth the refine classification especially for six 

types of anemia classifications. In the other hands, 

features such as WBC count, Age, and Gender were 

provided low impact and omitted from the model. 

WBC’s role in anemia was typically indirect, and age 

and gender alone had not strongly predicted anemia 

status in this usage which lead to their removal. This 

proposed approach enhanced model efficiency by 

focusing on the most relevant variables. 
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