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Abstract 
 
Leukemia is a type of blood cancer that requires fast and accurate diagnosis for effective 
treatment. Manual identification of leukemia blood cell subtypes is often challenging, 
time-consuming, and prone to observer variability, making automated image-based 
classification essential. This study evaluates the performance of the Light Gradient-
Boosting Machine (LightGBM) as a computationally efficient and interpretable alternative 
to deep learning models for classifying leukemia subtypes. The dataset includes 3,000 
microscopic images representing five classes: acute lymphocytic, acute myelogenous, 
chronic lymphocytic, chronic myelogenous, and healthy blood cells. Images were 
preprocessed using bilinear interpolation to balance quality and efficiency, and 90 
statistical features were extracted across 13 distinct color spaces. The model was trained 
on an 80% subset and validated on a 20% hold-out set after hyperparameter optimization. 
LightGBM achieved robust performance with an accuracy of 93.3%, precision of 99.1%, 
recall of 94.9%, and an F-measure of 96.8%. Feature importance analysis revealed that 
texture variance in the YIQ color space (STD_YIQ_I) was the most critical predictor, 
highlighting the biological relevance of chromatin texture in classification. These results 
indicate that LightGBM is an effective, lightweight, and reliable approach for leukemia 
subtype classification, holding strong potential for implementation in resource-
constrained automated diagnostic systems. 
 

 

Copyright: © 2026 by the authors. This is an open-access article distributed under the 
terms of the Creative Commons Attribution-NonCommercial 4.0 International License. 
(https://creativecommons.org/licenses/by-nc/4.0/) 

1. Introduction 

Leukemia is a malignant disorder of the blood-forming 
tissues, characterized by the uncontrolled production of 
abnormal white blood cells [1]. It represents a significant 
global health burden, with approximately 474,519 new 
cases and 311,594 deaths reported annually [2]. Effective 
treatment relies heavily on the rapid and accurate 
identification of leukemia subtypes, as treatment 
protocols differ significantly between acute and chronic 
forms. However, the current gold standard for diagnosis, 

manual microscopic examination of peripheral blood 
smears, is labor-intensive, time-consuming, and prone to 
inter-observer variability due to the subjective nature of 
human interpretation [3]. These challenges have driven a 
surge in demand for automated, computer-aided 
diagnostic (CAD) systems to assist pathologists in making 
precise decisions [4, 5]. 

In recent years, various computational approaches have 
been proposed to automate leukemia classification. Early 
studies focused on traditional machine learning  
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Figure 1. The overall research workflow. 
 
algorithms such as Support Vector Machines (SVM) and 
K-Nearest Neighbors (k-NN) [6–9]. For instance, a study 
by Mahdi demonstrated the utility of SVM classifiers for 
leukemia detection, while other studies explored the use 
of Random Forest for morphological classification [1]. 
While these methods established the feasibility of 
automated diagnosis, they often struggle with the high-
dimensional feature spaces inherent in high-resolution 
medical images. They may yield suboptimal accuracy 
when class boundaries are complex [10]. Conversely, 
Deep Learning (DL) models, particularly Convolutional 
Neural Networks (CNNs), have recently set new 
benchmarks in medical image analysis [11]. However, DL 
models are computationally expensive, require massive 
annotated datasets to prevent overfitting, and operate as 
"black boxes," offering little insight into which visual 
features drive the classification, a critical limitation in 
clinical diagnostics where interpretability is paramount 
[12]. 

This creates a specific research gap: the need for a 
diagnostic approach that bridges the efficiency and 
interpretability of traditional machine learning with the 
high performance required for clinical use. Light 
Gradient-Boosting Machine (LightGBM) has emerged as a 
powerful candidate to fill this gap. Unlike traditional 
boosting algorithms, LightGBM uses a leaf-wise tree 
growth strategy and histogram-based methods, enabling 
it to handle large-scale data and high-dimensional 
feature sets with superior training speed and lower 
memory usage [13]. Although LightGBM has shown 
success in other medical domains, such as diabetes 
prediction and drug discovery [14–18], its application 
specifically for multiclass leukemia subtype classification 
using color-space feature engineering has not been 
extensively investigated. 

This study addresses this gap by evaluating the 
performance of LightGBM for classifying five distinct 
blood cell classes (four leukemia subtypes and healthy 
cells). Unlike "black box" approaches, this study utilizes 
explicitly extracted statistical features across multiple 
color spaces to maintain interpretability. The specific 
objectives of this research are to develop a robust feature 
extraction pipeline that captures color and texture 
variations across 13 distinct color spaces, to optimize the 
LightGBM algorithm through hyperparameter tuning to 
maximize classification accuracy for leukemia subtypes, 
and to comprehensively evaluate the model using 
standard metrics (accuracy, precision, recall, F-Measure) 
and analyze Feature Importance to identify the most 
critical visual attributes for differentiation. By achieving 
these objectives, this research aims to demonstrate that 
LightGBM can serve as a highly accurate, computationally 
efficient, and interpretable tool for automated leukemia 
diagnosis. 

2. Materials and Methods 

This study evaluates the performance of the LightGBM in 
classifying leukemia blood cell subtypes. The 
experimental framework follows a systematic pipeline 
consisting of six main stages: dataset acquisition, image 
preprocessing, feature extraction, model training, 
hyperparameter tuning, and performance evaluation. To 
provide a clear overview of the research process and the 
flow of data between stages, the comprehensive 
methodology is visually illustrated in Figure 1. Each step 
was rigorously designed to ensure the reliability and 
reproducibility of the model in differentiating leukemia 
subtypes from microscopic images. 
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Table 1. Hyperparameter search space and candidate values evaluated during model optimization. 

Parameter Description Tested Range 
num_leaves Controls the complexity of the tree model [20, 31, 40, 50, 60] 
max_depth Limits the maximum depth of the tree [-1 (unlimited), 10, 20, 30] 
min_child_samples Minimum number of data needed in a leaf [10, 15, 17, 20, 30, 50] 
colsample_bytree Fraction of features (columns) used per tree [0.7, 0.8, 0.9, 1.0] 

 
2.1. Dataset 

The dataset used in this study was obtained from the 
publicly available Kaggle repository entitled “Subtypes of 
Leukemia Blood Cell Microscopic Image.” It consists of 3,000 
microscopic images representing five different classes: 
acute lymphocytic, acute myelogenous, chronic 
lymphocytic, chronic myelogenous, and healthy blood 
cells. Each class contains 600 images, resulting in a 
balanced dataset. For model evaluation, the dataset was 
partitioned using an 80:20 stratified hold-out scheme, 
with 2,400 images allocated for training and 600 for 
validation (testing). This stratification ensures a balanced 
class distribution across both data subsets. 

2.2. Preprocessing 

Image preprocessing was performed to standardize the 
input data and improve the quality of features extracted 
later. The process involved resizing all images to 256 × 
256 pixels using bilinear interpolation. This technique 
computes pixel intensities as a weighted average of 
neighboring pixels. Bilinear interpolation was selected as 
it offers an optimal balance between computational 
efficiency and output image quality. This method 
produces significantly smoother images compared to 
nearest-neighbor interpolation, which tends to introduce 
jagged artifacts, while remaining computationally faster 
than more complex techniques such as bicubic 
interpolation. This balance is crucial for maintaining the 
integrity of the extracted statistical features without 
imposing excessive computational overhead. The 
resizing step was crucial to ensure uniformity across all 
samples, reduce memory usage, and accelerate 
computation during training. 

2.3. Feature Extraction 

Feature extraction was performed to obtain 
representative numerical values capturing the visual 
characteristics of leukemia blood cell images. Each image 
was analyzed not only in its original RGB format but also 
transformed into 12 additional color spaces to capture 
diverse chromatic and intensity information. The 13 color 
spaces utilized in this study are: RGB, HSV, HSL, L*a*b*, 
L*u*v*, XYZ, YCbCr, YIQ, YPbPr, YUV, HED, CIE Lch, and 
Opponent color space. From these transformations, 
statistical features (mean and standard deviation) were 
computed for each channel, yielding a robust feature 

vector with 90 attributes. For instance, the YIQ and 
Opponent spaces separate luminance from 
chrominance, which is critical for distinguishing the 
nuclear texture of blast cells from the cytoplasm. 

2.4. Model Training 

The extracted features were used to train the LightGBM, 
an ensemble-based learning algorithm known for its 
efficiency and high predictive performance [19, 20]. The 
dataset was divided into training and validation subsets, 
with 80% of the data used for training and 20% for 
validation. The LightGBM model learns patterns from the 
extracted features by building decision trees 
sequentially, where each new tree attempts to correct 
the errors of the previous ones. This approach allows 
LightGBM to achieve high accuracy with relatively low 
computational cost, making it suitable for handling large 
image-based datasets. 

2.5. Hyperparameter Tuning 

Hyperparameter tuning was conducted to maximize the 
model’s predictive accuracy while preventing overfitting 
or underfitting [21]. This process utilized a Grid Search 
strategy to systematically explore various combinations 
of key parameters. The adjusted hyperparameters 
included min_child_samples, which determines the 
minimum number of samples required to create a leaf 
node; colsample_bytree, which defines the fraction of 
features used per decision tree; max_depth, which limits 
the maximum depth of each tree; and num_leaves, which 
controls model complexity by defining the maximum 
number of leaves per tree  [22]. The specific search 
ranges tested during the optimization process and the 
resulting optimal values selected for the final model are 
summarized in Table 1. 

2.6. Model Evaluation 

The performance of the LightGBM model was evaluated 
using several standard metrics: accuracy, precision, 
recall, F-measure, and feature importance [23, 24]. 
Accuracy represents the overall proportion of correctly 
classified instances. Precision measures how many of the 
predicted positive samples are actually correct, while 
recall evaluates how well the model identifies all true 
positive samples [25]. The F-measure, as the harmonic  
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Figure 2. Confusion matrix of the LightGBM model. 

 
mean of precision and recall, provides a balanced 
assessment of both metrics. Additionally, the feature 
importance analysis was conducted to identify which 
extracted features had the greatest influence on the 
classification outcome, offering interpretability and 
insight into the model’s decision-making process [26]. 

2.7. Implementation Environment 

The experiment was implemented using Python 3.10. 
Feature extraction was performed using the scikit-image 
library (v0.19), and the classification model was built 
using the LightGBM library (v3.3.5). The training process 
was conducted on a personal computer equipped with a 
Ryzen 7 4800 CPU and 16 GB of RAM. To ensure 
reproducibility, a random seed of 42 was set for all 
stochastic processes, including data splitting and model 
initialization. 

3. Results and Discussion 

This section presents the experimental results from 
classifying leukemia blood cell subtypes using the 
LightGBM algorithm. The analysis includes the outcomes 
of preprocessing, feature extraction, hyperparameter 
tuning, model evaluation, and feature importance 
interpretation. 

The dataset used in this study consisted of 3,000 
microscopic images representing five categories of blood 
cells. As the original images varied in dimension, a 
resizing operation was performed to standardize all 
images to 256 × 256 pixels using bilinear interpolation. 
This preprocessing step improved image uniformity and 
computational efficiency while preserving sufficient 
detail for subsequent analysis. The resized images 

demonstrated adequate clarity and consistency for 
reliable feature extraction and model training. 

Following the preprocessing stage, feature extraction was 
performed to obtain numerical representations of each 
image. Ninety statistical features were extracted across 
13 color spaces from the RGB channels, including the 
mean and standard deviation of pixel intensities. These 
features were found to capture meaningful variations in 
texture and color, which are essential for differentiating 
between the five leukemia subtypes and healthy blood 
cells. The comprehensive set of features contributed to 
improved model generalization and robustness during 
training. 

To optimize model performance, several combinations of 
hyperparameters were tested. The parameter tuning 
process focused on four main hyperparameters—
min_child_samples, colsample_bytree, max_depth, and 
num_leaves. The optimal configuration was obtained with 
min_child_samples = 17, colsample_bytree = 0.9, max_depth 
= -1, and num_leaves = 31. This configuration yielded the 
best trade-off between accuracy and generalization, 
achieving a training accuracy of 91.8%. The analysis 
showed that lower values of min_child_samples improved 
model flexibility, but excessive reductions led to 
overfitting, while moderate colsample_bytree values 
helped reduce feature redundancy and enhanced 
generalization. 

The Confusion Matrix presented in Figure 2 provides 
deeper insight into the misclassifications. The model 
demonstrated excellent performance in identifying Acute 
Lymphocytic cells (110 correct, only 1 miss) and Healthy 
cells (110 correct). However, greater confusion was 
observed between the chronic subtypes. Specifically, 
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Figure 3. Feature importance of the LightGBM model. 
 
Chronic Lymphocytic cells were occasionally misclassified 
as Chronic Myelogenous (10 instances) and Acute 
Myelogenous (8 instances). This pattern suggests that 
while the model excels at distinguishing cell types, it faces 
challenges with subtle morphological similarities, such as 
cytoplasm-to-nucleus ratios shared among chronic 
leukemia subtypes. 

The trained LightGBM model was evaluated using five 
standard metrics: accuracy, precision, recall, F-measure, 
and feature importance. The results demonstrated that 
LightGBM achieved excellent performance in classifying 
leukemia blood cell subtypes, with an accuracy of 93.3%, 
precision of 99.1%, recall of 94.9%, and F-measure of 
96.8%. The confusion matrix analysis indicated that the 
model effectively distinguished among the five classes, 
with minimal misclassification between morphologically 
similar subtypes such as acute and chronic leukemia cells 
(Fig. 2). These findings suggest that LightGBM can 
effectively capture complex patterns in feature 
distributions, making it suitable for multi-class medical 
image classification tasks. 

To interpret the model’s decision-making process, we 
analyzed the feature importance using the "split" 
criterion, which measures how frequently a feature is 
used to split data across all decision trees. Figure 3 shows 
the ranking of the 8 most influential features identified in 
this analysis. The results revealed that the std_yiq_i 
feature had the highest importance score, indicating its 
substantial contribution to distinguishing between 
leukemia subtypes. This feature represents the standard 
deviation in the intensity component of the YIQ color 
space, which correlates with variations in cell brightness 
and internal texture patterns. The prominence of this 
feature highlights the importance of color intensity 
distribution in differentiating microscopic images of 
leukemia cells. 

The high performance achieved by LightGBM in this study 
is consistent with findings in recent literature, where 

gradient boosting algorithms are frequently reported to 
outperform traditional machine learning methods such 
as MLP, KNN, SVM, and Random Forest, particularly when 
handling high-dimensional feature sets [27–29]. This 
advantage is primarily attributed to LightGBM's ability to 
perform internal feature selection and handle complex 
nonlinear relationships between features more 
effectively. Its ability to handle large feature sets and 
perform internal feature selection contributes to its 
strong performance in this multi-class classification task. 

The findings are consistent with previous studies that 
applied LightGBM in other medical imaging contexts, 
such as diabetes diagnosis and class imbalance handling, 
where the model also achieved high predictive accuracy. 
In this research, the high precision and recall values 
indicate that LightGBM not only minimizes false 
classifications but also effectively captures a wide range 
of positive cases. It is important to note that the use of a 
single public dataset (Kaggle) introduces potential bias, as 
variability in staining techniques, microscope lighting 
conditions, and equipment artifacts from different 
laboratories may not be fully represented. Consequently, 
a major challenge for the clinical translation of this model 
is the need for extensive validation using multi-centric 
datasets (from various hospitals) to test model 
generalizability. Furthermore, integrating this model into 
digital pathology workflows requires further 
consideration regarding medical device regulatory 
standards and the development of pathologist-friendly 
user interfaces. 

However, the model’s performance is influenced by the 
quality and diversity of the dataset. Since this study relied 
on a single dataset from Kaggle, additional validation with 
different or larger datasets would strengthen the 
generalizability of the results. Additionally, incorporating 
texture-based or deep learning–derived features could 
potentially enhance classification accuracy in future 
studies. 
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4. Conclusions 

This study successfully evaluated the LightGBM for 
classifying leukemia blood cell subtypes, achieving a 
robust accuracy of 93.3% and precision of 99.1% on the 
validation set. Beyond numerical metrics, the research 
demonstrates that a lightweight, feature-based 
ensemble model can rival complex deep learning 
architectures in performance while offering superior 
computational efficiency and interpretability, particularly 
by identifying chromatin texture (STD_YIQ_I) and color 
contrast as critical predictors. However, these findings 
are constrained by the use of a single public dataset, 
which limits generalizability across clinical settings, and 
by the observation that testing accuracy slightly exceeds 
training accuracy due to aggressive regularization, which 
warrants caution regarding potential dataset-specific 
artifacts. Consequently, while the current results 
establish a promising baseline, the system is not yet 
ready for standalone deployment; future work must 
focus on validation with multi-centric datasets and the 
integration of morphological features to resolve subtle 
misclassifications among chronic subtypes, thereby 
moving toward a reliable human-in-the-loop diagnostic 
aid. 
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