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ABSTRACT 

Anemia is a significant global health challenge characterized by a pathological 
deficit in hemoglobin concentration, often leading to physiological instability. 
Accurate clinical diagnosis typically relies on complete blood count (CBC) tests, 
which provide critical hematological parameters for classification. While machine 
learning models have demonstrated high efficacy in diagnosing anemia, existing 
research often relies on static data partitioning strategies that may overlook 
evaluation reliability and performance stability. This study addresses this gap by 
shifting the focus from architectural benchmarking to validation robustness, 
specifically evaluating the C4.5 algorithm's performance across different data-
splitting techniques. The research uses a dataset comprising 1,281 clinical records 
with 14 numerical features and 9 anemia-type labels. To assess stability, two distinct 
partitioning strategies were implemented: a static Percentage Split (ranging from 
60:40 to 90:10) and iterative K-Fold Cross Validation (with K values of 3, 5, 7, 10, and 
15). Experimental results demonstrate that the C4.5 algorithm achieved its peak 
performance with the 90:10 Percentage Split, achieving an average accuracy of 
99.46%, precision of 98.32%, and recall of 99.28%. In comparison, the K-Fold (K=10) 
approach yielded a slightly lower but more stable accuracy of 99.19% with a 
significantly reduced standard deviation (±0.09), highlighting its reliability for clinical 
applications. While the high-ratio percentage split maximizes training exposure and 
predictive potential, the K-Fold method provides a more objective, generalizable 
benchmark by accounting for the entire data distribution. The study further identifies 
challenges in classifying minority classes, such as Leukemia with 
thrombocytopenia, due to inherent data scarcity. Ultimately, this research confirms 
that the C4.5 algorithm, when paired with an optimal partitioning protocol, remains a 
robust and highly interpretable solution for clinical anemia screening, outperforming 
several complex modern architectures 
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I. Introduction 

Anemia is a global health problem clinically recognized as 
a pathological deficit in hemoglobin concentration, a 
condition that fundamentally compromises physiological 
stability [1]. The most common symptoms include fatigue, 
palpitations, headaches, shortness of breath, and 
conjunctival and palmar pallor. While these symptoms 
serve as a preliminary indication, they are not conclusive. 
They function as navigational instruments [2]. Anemia 
globally has a multifactorial origin; that is, there are 
numerous reasons for where the disease may arise, with 
iron deficiency being the most common cause in 
developing countries. It is estimated that 30% of women 
and 40% of children below five years of age globally are 
affected by this illness, which is linked to inadequate 
nutrition resulting from poverty [3]. Anemia can be 
categorized based on its origin. For instance, anemia may 
be microcytic  due to iron deficiency, normocytic due to 
inflammation, or macrocytic due to vitamin B12 
deficiency. Traditional techniques for identifying anemia 

demonstrate considerable obstacles for the least 
advantaged groups. The unavailability of quality 
healthcare access services, along with the expenses of 
laboratory tests, hinders numerous individuals from 
obtaining prompt diagnoses [4].  

Many studies have been conducted on anemia 
diseases [5], [6], [7]. Anemia is generally diagnosed 
through a complete blood count (CBC) test that assesses 
red blood cell hemoglobin, hematocrit, and erythrocyte 
index levels [8]. The quantity of red blood cells must be 
sufficient to transport oxygen throughout the body. Any 
decrease in this cell count leads to a decline in oxygen 
levels, and occasionally, undiagnosed instances result in 
anemia [9]. The dataset from the CBC test contains 1281 
observations, 14 predictors, and the diagnosis as a 
categorical target variable [10]. 

In previous studies, the decision tree, Naïve Bayes, 
and Support Vector Machine (SVM) approaches were 
used with two testing techniques, namely percentage split 
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(80% training data and 20% test data) and K-Fold Cross 
Validation (K=10) [6]. Another researcher using the same 
dataset with many classification model such as Ensemble 
Learning, Tree, SVM, Efficient Linear, Neural Network, 
KNN, and Naïve Bayes, only reaches the highest 
accuracy with Ensemble learning, achieving 99.22% 
accuracy, using a 90:10 split data [10]. Prior studies from 
[11], gaining 99.21% accuracy using Extreme Machine 
Learning with 190 data points and a 67:33 ratio of splitting 
data. The Latest studies from [12] Using the same 
dataset, achieved the highest accuracy of 99.00% with the 
bagging model as the classification model. The other new 
research with the same dataset using classification model 
Gradient Boosting, Decision Tree, CatBoost, XGBoost, 
and Random Forest, with the highest accuracy 99.19% 
achieved by Gradient Boosting using an 80:20 ratio data 
split [13]. 

However, it is crucial to note that the high accuracies 
reported in these previous studies are largely driven by 
the use of complex ensemble architectures (e.g., 
Boosting, Bagging) combined with specific, often 
aggressive, data splits (90:10) that maximize training 
exposure. While effective for benchmarking model 
capabilities, this reliance on static percentage splits often 
overlooks the reliability and variability of the partitioning 
strategy. Such static methods may fail to adequately 
capture the data variability encountered in real-world 
scenarios. Consequently, this research aims to address 
this gap by shifting the focus from architectural 
benchmarking to validation robustness.  In this context, 
the C4.5 algorithm was specifically selected because, as 
noted by [14]It demonstrates outstanding performance on 
medical datasets and is highly interpretable. This high 
level of interpretability and transparent rule-based logic 
are vital for clinical anemia screening. By using a stable 
interpretable baseline, this study provides a clearer, 
systematic comparison of how various data partitioning 
strategies affect performance stability, free from the 
confounding effects of model complexity. 

This research evaluates the reliability of anemia 
classification using the C4.5 algorithm by comparing two 
distinct data partitioning strategies: a static Percentage 
Split and an iterative K-Fold Cross Validation. While static 
partitioning is a common practical approach, it often 
carries a risk of selection bias. In contrast, K-Fold Cross 
Validation is implemented to provide a more stable and 
representative performance estimate by minimizing 
variance across the dataset. By systematically contrasting 
these methods, this study aims to establish a robust 
evaluation protocol that ensures both accuracy and 
stability for clinical anemia diagnosis, shifting the focus 
from mere algorithm benchmarking to the reliability of 
model evaluationConsequently, the main aim of this 
research is to assess the effectiveness of C4.5 using 
various data splitting methods. This study will contrast the 
data splitting technique of percentage split with k-fold 
cross-validation. 

This research makes several key contributions to the 
anemia classification. Firstly, to investigates the specific 
impact of data partitioning strategies (K-Fold vs. 
Percentage Split) on Anemia Classification, shifting the 

focus from algorithm comparison to evaluation reliability. 
Secondly, provides empirical evidence on whether K-Fold 
Cross Validation minimizes the systematic errors and bias 
often found in static train-test splits within medical 
datasets. Third contribution, extends the comparative 
validation framework previously successful in medical 
research to the anemia domain to test the robustness of 
Decision Tree algorithms, Lastly, determines the most 
reliable evaluation protocol to maximize diagnostic 
accuracy and stability for anemia prediction models. 

The structure of this paper is outlined as follows: 
Section 2 examines the dataset utilized, the suggested 
training and testing split strategies, and the proposed 
approach. Section 3 shows the outcomes of C4.5 using 
the training testing split schemes. Section 4 explores the 
interpretation of the results, compares them with other 
research, and addresses the limitations of the method 
used. Lastly, Section 5 wraps up the study by reiterating 
the aim, encapsulating the key discovery, and outlining 
prospects for future research. 

II. Materials And Method 
A. Dataset  

The dataset used in this study consisted of 1,281 rows of 
data with 15 attributes, comprising 14 numerical features 
from complete blood count (CBC) tests and 1 target 
column containing anemia type labels. Each feature 
represents a hematological parameter, such as 
hemoglobin level, hematocrit, erythrocyte count, 
erythrocyte index, and other blood components that play 
an important for diagnosing anemia. The target column 
contains classifications of 9 anemia types, including 
normocytic hypochromic anemia, iron deficiency anemia, 
other microcytic anemia, leukemia, healthy, 
thrombocytopenia, normocytic normochromic anemia, 
leukemia with thrombocytopenia, and lastly macrocytic 
anemia [15]. With these characteristics, this dataset can 
be used to train and test classification algorithms to 
identify patterns and distinguish types of anemia based on 
patient data.  
 
Table 1. The 9 anemia types in the dataset are 
categorized by diagnosis  

Anemia Types Data Records 

Healthy 336 

Iron deficiency anemia 189 

Leukemia 47 

Leukemia with 
thrombocytopenia 

11 

Macrocytic anemia 18 

Normocytic hypochromic 
anemia 

279 

Normocytic normochromic 
anemia 

269 

Other microcytic anemia 59 

Thrombocytopenia 73 
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Table 1. displays the allocation of data points based on 
the target variable. The dataset shows more observations 
in certain categories and fewer in others. The Healthy 
category has 336 data, the Normocytic hypochromic 
anemia category has 279 data, and the Normocytic 
normochromic anemia category has 269 data; however, 
the Macrocytic anemia category has only 18 data, while 
the Leukemia with thrombocytopenia category includes 
11 data.  Table 3.  describes the 14 numerical features in 
the dataset, while Table 2.  shows the dataset, which 
contains 14 numerical features from the complete blood 
count (CBC) test.  

B. K-Fold Cross Validation 

In this research, the K-Fold Cross Validation method is 
used as a model evaluation technique to ensure more 
stable and reliable prediction results. Previous studies 
indicate that cross-validation performs better than other 
accuracy estimation techniques and improves 
performance by lowering bias and variance [16]. K-Fold 
Cross Validation is a method used to assess MLM. In this 
method, the data is split into k folds. In each iteration, one 
fold serves as the testing data, while the other folds act as 
training data [17]. Thus, the process is repeated until the 
entire dataset is evaluated. The value of K=3,5,7,10,15 
was selected due to the high percentage of machine 
learning practitioners who use this value, as supported by 
[18], [19]. 

C. Percentage Split 

Percentage Split, often referred to as train-test split, is 
used as a model evaluation technique by dividing the 
dataset into two main parts, namely training data and 
testing data, in certain proportions, for example, 70:30 or 
80:20 [16]. The ratio used in this study is systematically 
conducted by dividing the dataset into several proportions 
of training and testing data, specifically 60:40, 67:33, 
70:30, 80:20, and 90:10. This approach is implemented to 
identify the most optimal splitting ratio for the specific 
characteristics of the dataset, as dataset splitting is 
considered an indispensable practice to reduce bias and 
prevent overfitting. As explained in [20], the determination 
of the ideal ratio should be based on the total number of 
instances within the dataset to ensure an effective 
mapping of inputs that produce good and effective 
outputs. Furthermore, the literature suggests that 
although certain ratios like 70:30 are established as 
common practice, there is no single definitive rule for 
selecting the training/test splitting ratio. Therefore, using 
the various test set structures proposed in [21] enables a 
more comprehensive evaluation of classification 
performance stability across different data availability 
scenarios. By systematically testing ratios from 60:40 to 

Table 2. 14 numerical features from complete blood count (CBC) test in the dataset this research use 

No WBC LYMp NEUTp LYMn NEUTn RBC HGB HCT MCV MCH MCHC PLT PDW PCT 

1 10 43.2 50.1 4.3 5 2.77 7.3 24.2 87.7 26.3 30.1 189 12.5 0.17 

2 10 42.4 52.3 4.2 5.3 2.84 7.3 25 88.2 25.7 20.2 180 12.5 0.16 

3 7.2 30.7 60.7 2.2 4.4 3.97 9 30.5 77 22.6 29.5 148 14.3 0.14 

4 6 30.2 63.5 1.8 3.8 4.22 3.8 32.8 77.9 23.2 29.8 143 11.3 0.12 

5 4.2 39.1 53.7 1.6 2.3 3.93 0.4 316 80.6 23.9 29.7 236 12.8 0.22 

….. ….. ….. ….. ….. ….. ….. ….. ….. ….. ….. ….. ….. ….. ….. 

1277 4.4 25.845 77.511 1.881 5.141 4.86 13.5 46.153 80.7 27.7 34.4 180 14.312 4.4 

1278 5.6 25.845 77.511 1.881 5.141 4.85 15 46.153 91.7 31 33.8 215 14.312 5.6 

1279 9.2 25.845 77.511 1.881 5.141 4.47 13.1 46.153 88.7 29.3 33 329 14.312 9.2 

1280 6.48 25.845 77.511 1.881 5.141 4.75 13.2 46.153 86.7 27.9 32.1 174 14.312 6.48 

1281 8.8 25.845 77.511 1.881 5.141 4.95 15.2 46.153 89.7 30.6 34.2 279 14.312 8.8 

 

 

 

 

 

Table 3. 14 numerical features description which 
used in this research 

No Features 

1 WBC (White Blood Cells) 

2 LYMp (Lymphocyte Percentage) 

3 NEUTp (Neutrophil Percentage) 

4 LYMn (Lymphocyte Number) 

5 NEUTn (Neutrophil Number) 

6 RBC (Red Blood Cells) 

7 HGB (Hemoglobin) 

8 HCT (Hematocrit) 

9 MCV (Mean Corpuscular Volume) 

10 MCH (Mean Corpuscular Hemoglobin) 

11 MCHC (Mean Corpuscular Hemoglobin Concentration) 

12 PLT (Platelets) 

13 PDW (Platelet Distribution Width) 

14 PCT (Plateletcrit) 
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90:10, this research aims to provide a robust evaluation 
of how different partitioning strategies affect classification 
stability, thereby addressing the limitations of static split 
protocols commonly used in practical applications [22]. 

D. Decision Tree and C4.5 Classification 

Classification is among the most widely applied 
techniques in data mining. The process works by 
analyzing input predictors (independent variables) to 
assign a specific class label (dependent variable) to each 
data instance [23]. The decision tree and C4.5 algorithms 
essentially have the same objective: to build a 
classification model that groups patients based on 
hematological parameters to detect types of anemia. A 
decision tree is a graphical flowchart that illustrates the 
decision-making process, with its structure resembling a 
tree. A person can utilize a decision tree to navigate tough 
decisions by breaking them down into simpler options. 
Every decision tree contains a node along with a branch 
linking each node [24]. 

This research specifically implements the C4.5 
algorithm, developed by J.R Quinlan. C4.5 is a landmark 
classification algorithm in machine learning, particularly 
valued for its interpretability and its robustness when 
handling unbalanced datasets [25]. The primary 
advantage of C4.5 over its predecessor, ID3, is its ability 
to handle both categorical and numeric features. While 
ID3 is limited to nominal or ordinal data, C4.5 handles 
numeric data by establishing threshold values and 
partitioning the data into intervals. Furthermore, to 
address the bias toward attributes with numerous 
variations, C4.5 utilizes Gain Ratio instead of simple 
Information Gain as the primary splitting criterion [26]. 
Previous research has classified anemia using various 
models, including DecisionTree, ExtraTree, 
RandomForest, and ExtraTrees. Decision Tree exhibiting 
the highest performance among the tree algorithms, with 
an accuracy of 98.96% [7]. 

E. Confusion Matrix 

Among the commonly used methods for evaluating 
classification-oriented machine learning models, 
confusion matrices are prominent. They provide a 
thorough overview of the effectiveness of machine 
learning models by evaluating their performance using 
numerical metrics, which makes them among the simplest 
performance indicators [27]. 

 

Table 4. Confusion matrix table to evaluate 
classification performance by providing accuracy, 
precision, recall and f1-score. 

 Predicted Class 

T
ru

e
 

C
la

s
s
 True Positive (TP) False Negative (FN) 

False Positive (FP) True Negative (TN) 

True Positive (TP) mean a classification method is 
correctly at classifying positive cases as positive. False 
Positive (FP) it is an outcome when incorrectly predicts 
the negative class as positive [28].  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝐹𝑁
 (1) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (2) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (3) 

𝐹1 = 2 × (
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
)  (4) 

Accuracy Eq. 1. indicate the accuracy rate of correct 
predictions in the classifier model. Precision Eq. 2. 
represents the result of the precision of a positively 
predicted category. Recall Eq. 3. calculates the proportion 
of true positives accurately recognized for a specific 
category. Finally, F1-Score Eq. 4. Measures the overall 
performance of a classifier by integrating precision and 
recall. 

 

III. Results  

The experimental framework utilized in this study is 
illustrated in the flowchart in Fig 1. The process initiates 
with a dataset containing anemia clinical records. To 
evaluate the stability and reliability of the classification 
model, the data are split into two distinct partitions. The 
first strategy employs a static Percentage Split with ratios 
of 60:40, 67:33, 70:30, 80:20, and 90:10. This partitioning 
is essential for reducing bias and preventing overfitting by 
allocating the larger portion to training and the remaining 
to testing. The second strategy uses K-Fold Cross-
Validation with K=3, 5, 7, 10, and 15. This method 
partitions the data into k-disjoint subsets to ensure that 
each sample is used for both training and validation, 
thereby reducing random errors. Subsequently, the C4.5 
Classification algorithm is applied to the data prepared by 
both data splitting methods. Finally, the process 
concludes with the Evaluation phase, where the 
performance of the C4.5 algorithm under both partitioning 
schemes is analyzed and compared to determine the 
optimal evaluation protocol. 
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Fig 1. Flowchart illustrating the research 

methodology structure from the dataset to the 

evaluation. 

Table 5. shows the C4.5 evaluation using a confusion 
matrix with 2 schemes of method. The first scheme is 
C4.5 with a percentage split using a 60:40 to 90:10 ratio 
for the training and testing data. The next scheme is C4.5 
with K-Fold Cross Validation using K =3, 5, 7, 10, and 15. 
The C4.5 with a 90:10 split had the highest accuracy 
(99.46), whereas K-Fold Cross Validation with K=10 had 
the highest accuracy (99.19). 

 

Table 5. The C4.5 performance between Percentage 
Split using 60:40, 67:33, 70:30, 80:20, 90:10, and K-
Fold Cross Validation (K=3, 5, 7, 10, 15) in percent(%) 
based on 10-run aggregation 

Method 
used 

Accuracy Precision Recall F1-
Score 

Percentage 
Split (60:40) 

98.67 

±0.85 

96.28 

±3.06 

96.37 

±2.37 

95.87 

±2.80 

Percentage 
Split (67:33) 

99.34 

±0.35 

98.56 

±1.10 

98.21 

±1.46 

98.29 

±1.03 

Percentage 
Split (70:30) 

99.04 

±0.39 

96.38 

±2.30 

96.80 

±2.27 

96.30 

±2.17 

Percentage 
Split (80:20) 

99.34 

±0.39 

97.69 

±2.12 

98.31 

±1.86 

97.83 

±1.85 

Percentage 
Split (90:10) 

99.46 

±0.61 

98.32 

±2.53 

99.28 

±0.87 

98.48 

±2.25 

K-Fold CV 
(K=3) 

99.11 

±0.12 

97.03 

±0.49 

97.53 

±0.69 

97.00 

±0.48 

K-Fold CV 
(K=5) 

99.14 

±0.14 

97.65 

±0.44 

97.50 

±0.80 

97.27 

±0.71 

K-Fold CV 
(K=7) 

99.12 

±0.10 

97.48 

±0.99 

97.58 

±0.73 

97.07 

±0.83 

K-Fold CV 
(K=10) 

99.19 

±0.09 

97.44 

±0.91 

97.84 

±0.71 

97.32 

±0.75 

K-Fold CV 
(K=15) 

99.15 

±0.05 

97.20 

±0.64 

97.40 

±0.62 

97.05 

±0.59 

The experimental results demonstrate that the 
decision tree model achieves exceptionally high 
classification performance on the CBC dataset, with the 
90:10 split outperforming other ratios, achieving an 
average accuracy of 99.46%. This superior performance 
in high-ratio splits is primarily due to the increased volume 
of training data, which enables the model to develop more 
precise splitting criteria and robust rules across the major 
diagnostic categories. While the percentage split method 
yielded higher peak metrics, it is prone to lower variance 
and potential over optimality due to the limited size of the 
test set. In contrast, the K-Fold Cross-Validation approach 
provided a more conservative yet objective estimation of 

model performance. The findings indicate that K=10 tends 
to stabilize accuracy, recall, and f1-score by balancing the 
learning curve, whereas K=5 occasionally yields higher 
precision. Primarily due to the larger validation volume in 
the K=5 configuration. K=5 provides a more 
representative sample, reducing the model's sensitivity to 
outliers and noise, which might otherwise inflate false-
positive counts in the smaller test sets in K=10. 

The disparity between the two evaluation methods 
highlights the trade-off between model optimization and 
generalization integrity. The model’s reliance on 
information gain and gain ratio makes it sensitive to the 
availability of representative training samples. In the 
90:10 split, the tree effectively minimizes bias by learning 
from nearly the entire data distribution, resulting in near-
perfect classification across the diagnostic categories. 
However, the K-Fold results, specifically at K=10 and 
K=15, offer a more reliable benchmark for clinical 
applications as they account for the entire dataset through 
iterative validation. It is within these more rigorous testing 
environments that the challenge of class imbalance 
becomes evident. The performance drop in minority 
classes where samples are extremely limited in each fold 
underscores the difficulty of maintaining high sensitivity 
for rare conditions in medical diagnostics. These results 
suggest that while this tree-based approach is highly 
effective for general CBC-based diagnosis, the choice of 
evaluation strategy is crucial in determining the model's 
reliability for both common and rare clinical cases. 

 

Table 6. Performance metric of the C4.5 algorithm 
with the Percentage Split (90:10) method over 10 test 
runs. 

C4.5 with 
Percentage Split 

Precision Recall F1-Score 

Healthy 99.71% 100% 99.86% 

Iron Deficiency 
Anemia 

99.50% 100% 99.74% 

Leukemia 100% 100% 100% 

Leukemia with 
thrombocytopenia 

88.33% 100% 91.67% 

Macrocytic 
anemia 

100% 100% 100% 

Normocytic 
hypochromic 
anemia 

100% 99.29% 99.64% 

Normocytic 
normochromic 
anemia 

100% 99.26% 99.62% 

Other microcytic 
anemia 

98.57% 95.00% 96.50% 

thrombocytopenia 98.75% 100% 99.33% 

Accuracy  99,46%  

Macro Avg 98.32% 99.28% 98.48% 

Weighted Avg 99.63% 99.46% 99.50% 
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Based on the comparative performance of Table 6. and 
Table 7. of the C4.5 algorithm, the Percentage Split 
(90:10) method demonstrates higher stability and 
performance compared to K-Fold Cross Validation across 
all evaluation metrics. Percentage Split achieved the 
highest accuracy of 99.46%, exceeding the 99.19% 
accuracy obtained by the best performer on K-Fold Cross 
Validation (K=10). 
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Table 7. Performance metric of the C4.5 algorithm 
with K-Fold Cross Validation (K=10) method over 10 
test runs. 

C4.5 with 
Percentage Split 

Precision Recall F1-Score 

Healthy 99.54% 99.70% 99.62% 

Iron Deficiency 
Anemia 

99.30% 99.47% 99.37% 

Leukemia 98.23% 100% 99.03% 

Leukemia with 
thrombocytopenia 

83.33% 92.50% 86.23% 

Macrocytic 
anemia 

100% 96.50% 97.67% 

Normocytic 
hypochromic 
anemia 

100% 99.64% 99.82% 

Normocytic 
normochromic 
anemia 

99.26% 99.29% 99.26% 

Other microcytic 
anemia 

98.67% 94.27% 96.09% 

thrombocytopenia 98.58% 99.20% 98.83% 

Accuracy  99.19%  

Macro Avg 97.44% 97.84% 97.32% 

Weighted Avg 99.27% 99.19% 99.18% 

 

IV. Discussion 

Based on the experimental results, the application of the 
C4.5 algorithm using the Percentage Split method (90:10) 
gives higher performance compared to K-Fold Cross 
Validation across all evaluation metrics. The Percentage 
Split method achieved the highest accuracy of 99.46%, 
exceeding the 99.19% accuracy obtained by K-Fold 
Cross Validation (K=10). This trend is consistent across 
other metrics, with percentage split recording a precision 
of 98.32%, recall of 99.28%, and F1-score of 98.48%, 
whereas K-Fold Cross Validation (K=10) recorded values 
of 97.44%, 97.58%, and 97.84%, respectively. While 
these differences might appear numerically marginal, they 
are practically meaningful in a clinical diagnostic context. 
A higher recall and F1-score, even by a small margin, are 
critical for minimizing life-threatening false negatives, 
particularly in rare conditions like leukemia. These 
findings suggest that for this specific anemia classification 
dataset, the 90:10 partitioning scenario yields a more 
precise and sensitive prediction model, as the larger 
volume of training data effectively optimizes the mapping 
of input features. 

The experimental results indicate a performance 
variance between the majority and minority classes, 
particularly within the Leukemia with thrombocytopenia 
category. In the 90:10 percentage split and K-Fold (K=10) 
scenarios, this class exhibited lower metric values 
compared to other prevalent conditions. This trend is 
primarily attributed to the inherent scarcity of data, as the 
category comprises only 11 samples within the entire 

dataset. In a 90:10 split, the validation set may contain 
only a single representative of this class, where even a 
single misclassification can lead to a significant fluctuation 
in the F1-score. From an algorithmic standpoint, the C4.5 
decision tree uses gain ratio to determine optimal splits; 
in cases of extreme class imbalance, the gain-ratio 
normalization can still be influenced by entropy reduction 
driven by the majority classes, which may limit the 
granularity of rules generated for rarer conditions. 
Furthermore, in the K=10 cross-validation setting, the 
limited sample size is fragmented across multiple folds, 
making it challenging for the model to consistently 
establish a robust decision boundary during each training 
iteration. 

The implementation of different evaluation strategies 
reveals distinct advantages for the C4.5 model's 
application on the CBC dataset. The percentage split 
approach, particularly at the 90:10 ratio, excels in 
achieving peak classification performance (99.46% ± 
0.61%) by providing a high volume of training data. This 
allows the model to construct highly granular decision 
rules and minimize learning bias, making it ideal for 
demonstrating the model's maximum predictive potential. 
Conversely, K-Fold Cross Validation, especially at K=10, 
offers superior stability and reliability. As evidenced by its 
significantly lower standard deviation (99.19% ±0.09%), 
K-Fold Cross Validation ensures that the evaluation is not 
biased by a single, potentially favorable data split. By 
iteratively validating the model across the entire dataset, 
K-Fold Cross Validation provides a more objective and 
generalizable benchmark, confirming the model’s 
consistent performance across diverse data distributions, 
which is critical for real-world clinical implementation. 

The proposed C4.5 model achieves highly competitive 
results when benchmarked against existing anemia 
classification models. While recent studies, according to 
Table 8. such as [11], utilized more modern architectures 
like Extreme Learning Machines (ELM) to achieve an 
accuracy of 99.21%, their evaluation was limited to a 
single 67:33 percentage split ratio on a different dataset. 
In contrast, this study shows that by employing a 
systematic data-splitting strategy, a traditional algorithm 
such as C4.5 can achieve an accuracy of 99.46%. 
Furthermore, compared with studies using the same 
dataset, such as the ensemble approach in [10], which 
achieved 99.22% using only a 90:10 ratio, our C4.5 model 
yields more promising results by maintaining stability 
across multiple iterations. Similarly, the proposed model 
outperforms the bagging techniques in [12] and remains 
highly competitive against modern classifiers in [13], 
which recorded 99.19% accuracy using an 80:20 split. 
Notably, even our K-Fold Cross-Validation results (e.g., 
K=10 at 99.19%) effectively match the performance of 
these more complex modern models, reinforcing that the 
C4.5 algorithm, when paired with an optimal partitioning 
protocol, remains a robust and interpretable solution for 
clinical anemia screening. 

Despite the high accuracy achieved, this study has 
notable limitations, particularly regarding class imbalance 
in categories such as Leukemia with thrombocytopenia 
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and Macrocytic anemia. This imbalance results in lower 
F1-score, recall, and precision for minority classes 
compared to the majority ones, which subsequently 
affects the overall model performance. In a medical 
context, these three metrics are critical, as misclassifying 
rare conditions can have fatal diagnostic consequences. 
Another limitation is reliance on a static Percentage Split, 
which introduces a risk of selection bias; however, this 
study mitigated this risk by employing a 10-run scheme to 
ensure stable results. The findings indicate that providing 
a larger, more optimal proportion of training data, such as 
the 90:10 ratio and K=10, yields better values for these 
critical metrics, enabling the model to capture the 
characteristics of minority classes more effectively.

 

 

 

V. Conclusion  

In conclusion, this study demonstrates that the 
Percentage Split method (90:10) provides high metrics for 
anemia classification using the C4.5 algorithm on this 
specific dataset. Achieving a peak accuracy of 99.46% 
and a Weighted Average F1-Score of 99.50%. 
Simultaneously, the K-Fold Cross Validation (K=10) also 
showed strong and reliable results, with an accuracy of 

99.19% and a Weighted Average F1-Score of 99.18%. 
Notably, the K-Fold approach offers a distinct advantage 
in terms of iterative stability across runs, as evidenced by 
its low standard deviation, which ensures consistent 
model performance and reduced dependence on a single 
data partition. While the overall results are high, the study 
highlights that for high-risk conditions like Leukemia with 
thrombocytopenia, the 90:10 ratio is practically 
meaningful as it provides a larger training volume that 
yields better critical metricsprecision, recall, and F1-
score, which are paramount in clinical diagnostics. 
Therefore, future research is recommended to 
incorporate data-level techniques, such as oversampling 
(e.g., SMOTE), in the training data to further enhance 
these critical metrics without sacrificing the test data 
proportion, and to validate the model on external datasets 
to ensure broader generalizability.  
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