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ABSTRACT
Thalassemia is a hereditary blood disorder caused by impaired globin chain synthesis

and represents a public health concern due to increasing incidence and mortality. Screening
comprises three levels: hematological examination (Level 1), hemoglobin analysis (Level
2), and molecular genetic testing (Level 3). When Levels 1 and 2 cannot conclusively deter-
mine thalassemia status, resource-intensive Level 3 testing is required. This study applied
a hybrid exploratory approach combining unsupervised clustering and supervised classifica-
tion to support Level 1 screening using hematological data from the Thalassemia Research
Group. After data preparation, K-means and Gaussian Mixture Model (GMM) clustering
were used to identify patterns and outliers, while Random Forest (RF) and Support Vector
Machine (SVM) were used for classification. K-means produced six groups, with normal
and 𝛽-thalassemia showing relatively clear clustering, although overlap remained. Overlap
was also observed between hemoglobin E (HbE) and normal groups and among other cate-
gories. GMM achieved 79.11% accuracy. RF achieved the highest classification accuracy of
91%, followed by SVM-linear at 86%. However, SVM-linear correctly classified 40 of 52
test samples, slightly exceeding RF performance. These findings demonstrate the potential
of combining unsupervised and supervised learning for Level 1 screening. Larger datasets
and additional parameters may improve model performance and generalization.
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lassemia
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1. Introduction
Thalassemia is a hereditary blood

disorder characterized by a decreased level
of globin chains, which are fundamen-
tal components of hemoglobin [1]. Tha-
lassemia remains a significant global public
health concern due to its increasing preva-
lence and significant clinical burden [2].
The World Health Organization estimates
that 6–10% of Indonesia’s population are
carriers of thalassemia [3]; however, this
Fig. is widely considered an underestimate
due to limited national screening coverage
and reporting limitations [4]. Indonesia’s
substantial ethnic diversity and high popu-
lation mobility have contributed to signifi-
cant genetic heterogeneity, leading to a di-
versity of thalassemia mutations across var-
ious subpopulations [5, 6]. These condi-
tions collectively emphasize the necessity
of developing effective, scalable, and ac-
cessible screening methods.

A hierarchical diagnostic framework
is employed for thalassemia diagnosis, con-
sisting of hematological examination (level
1), hemoglobin analysis (level 2), and
molecular genetic testing (level 3). Level
1 screening is based on hematological as-
sessment, including a complete blood count
(CBC) and peripheral blood smear evalua-
tion to detect abnormalities in erythrocyte
morphology. A mean corpuscular volume
(MCV) of less than 80 fL and mean cor-
puscular hemoglobin (MCH) of less than 27
pg is indicative of clinical suspicion of tha-
lassemia [7-9]. The level 2 assessment uti-
lizes high-performance liquid chromatogra-
phy (HPLC) or hemoglobin electrophoresis
to quantitatively identify hemoglobin vari-
ations [7]. Previous studies have demon-
strated that HPLC-based screening is ef-
fective in detecting various thalassemia
phenotypes, including 𝛽-thalassemia, 𝛼-
thalassemia carriers, 𝛼𝛽-thalassemia, and

hemoglobin E (HbE carriers) [10].
Furthermore, when hematological

and hemoglobin investigations yield inclon-
clusive results, molecular analysis (level 3)
provides a definitive diagnosis; however, it
is resource-intensive, time-consuming, and
has limited accessibility in various regions,
thereby limiting its efficacy as an essential
screening tool [7, 8].

In this context, artificial intelligence
(AI) offers a practical approach to en-
hancing early-stage thalassemia screening.
Level 1 AI-powered analysis facilitates a
clearer interpretation of hematological data
and reduces the subsequent reliance on
molecular testing. AI systems can analyze
complex patterns in hematological param-
eters to assist in computer-aided screening
for thalassemia prior to genetic testing. This
approach is particularly beneficial in envi-
ronments with limited laboratory resources
and specialized expertise.

AI, characterized as computational
systems capable of learning, reasoning, and
executing tasks traditionally requiring hu-
man intelligence [11], has progressively
been applied in biomedical research for
the analysis of complex, high-dimensional
datasets. AI-powered pattern recognition
improves diagnostic accuracy in clinical
evaluations, facilitates early intervention,
and reduces healthcare costs [12].

Supervised algorithms such as Ran-
dom Forest (RF) and Support Vector Ma-
chine (SVM) are widely used for classi-
fication tasks in machine learning. The
RF approach achieves improved predictive
accuracy by aggregating multiple decision
trees [13]. On the other hand, SVMs iden-
tify optimal hyperplanes for capably sep-
arating data classes, particularly in high-
dimensional spaces [14].

In addition, unsupervised learning
strategies offer additional benefits by re-

382



M. Mardiah et al. | Science & Technology Asia | Vol.31 No.3 July - September 2026

vealing hidden patterns within unlabelled
data. Clustering strategies such as K-means
and Gaussian Mixture Models (GMM) en-
able analysis in distinguishing data clusters,
patterns, and potential anomalies [15]. K-
means clusters data points based on proxim-
ity to centroids [16], while GMMs utilize a
probabilistic approach to demonstrate data
distribution and assign membership to clus-
ters [17].

The significance of applying AI in
thalassemia screening is underscored by
the development of predictive tools that
can mitigate the need for resource-intensive
follow-up examinations [18]. This ap-
proach supports the equitable distribution of
thalassemia screening in regions of Indone-
sia with limited access to advanced health-
care services and facilities. The integration
of diverse strategies enhances the in-depth
understanding of hematological data char-
acteristics prior to classification. A hybrid
exploratory approach, combining unsuper-
vised clustering with supervised classifica-
tion, has been employed to improve Level 1
thalassemia screening through hematolog-
ical data. Notably, the present study fo-
cuses on evaluating the performance met-
rics of the resulting model, whereas previ-
ous studies were restricted to assessing the
efficacy of thalassemia screening method-
ologies. This study demonstrates that AI-
driven screening, employing RF and SVM
models, offers a more concise, effective,
and scalable approach for the early diagno-
sis of thalassemia using hematological data
through multidisciplinary collaboration.

2. Materials and Methods
2.1 Data

Hematological data were ob-
tained from the Thalassemia Research
Group. The study was conducted from
August to November 2025. This study

was approved by the Research Ethics
Commission, Ethical Clearance number
KE/FK/1823/EC/2025. The dataset for
model construction comprised six cate-
gories, 𝛼-thalassemia (37), 𝛽-thalassemia
(55), Iron Deficiency Anemia (IDA) (11),
HbE (42), normal (311), and thalassemia
major (11) (Table 1). Hematological
parameters included hemoglobin (Hb)
(g/dL), leukocytes (103/𝜇L), erythrocytes
(106/𝜇L), platelets (103/𝜇L), hematocrit
(%), MCV (fL), MCH (pg), and Mean
Corpuscular Hemoglobin Concentration
(MCHC) (g/dL).

Table 1. Hematological data used.

No. Categories Number
of Data

Number of
Training
Data

Number
of Test
Data

1 IDA 11 9 2

2 𝛼-
thalassemia 37 27 10

3 𝛽-
thalassemia 55 45 10

4 HbE 42 32 10
5 Normal 311 301 10

6 Thalassemia
major 11 11 10

Total 467 425 52

Test data were derived from the com-
plete dataset of each category, except for
IDA and thalassemia major categories, due
to insufficient data volume.

The dataset was grouped based on
HPLC test results and diagnostic notes
recorded in the archived sample data of
patients or screening participants. In this
study, no direct clinical or molecular test-
ing was performed on the samples. Model-
ing was conducted using available archived
data, which was grouped based on the con-
clusions of the HPLC test results and the
notes included in the dataset.

The 𝛼-thalassemia group lacked in-
formation regarding the a0 and a+ sub-
groups. Therefore, the data were com-
bined into a single 𝛼-thalassemia category.
The 𝛽-thalassemia group consisted of sam-
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ples classified as 𝛽-thalassemia in the data
archives, whereas the thalassemia major
group consisted of samples recorded in
the archives as both heterozygous for 𝛽-
thalassemia and HbE. The thalassemia ma-
jor group consisted of 7 samples that have
been confirmed through molecular testing.
However, the available archived data does
not include information regarding the type
or number of mutations identified in each
sample. Therefore, the grouping used in
this study was based on the classifications
available in the archived data rather than on
additional clinical or molecular confirma-
tion performed in this study.

2.2 Data preprocessing
Hematological data were processed

into datasets and uploaded to Google Colab
[19]. Data preprocessing consisted of sev-
eral stages, as follows:

a. Data cleaning: checking and deleting
null and duplicate data, and convert-
ing text data into numerical data [19,
20].

b. Exploratory Data Analysis: data was
processed by visualizing it into his-
tograms, boxplots, and correlation
graphs [19, 21].

c. Feature selection: features which
had the most significant effect on
the thalassemia dataset were chosen
[22]. Hematologic features consid-
ering physiological relevance in the
application of machine learning were
integrated, to provide a clinical pic-
ture in differentiating categories.

d. Data splitting: data was divided into
two types of data, namely training
data (80%) and test data (20%) [23].
This division of data maintains the
proportions of each class so that both

subsets remain representative of their
original distribution [24].

e. Resampling: a combination of Syn-
thetic Minority Over-sampling Tech-
nique (SMOTE) and undersampling
to overcome imbalanced data dis-
tribution. SMOTE performs the
oversampling process by producing
synthetic data on minority classes,
while undersampling will equalize
the amount of data for minority and
majority classes or only reduce the
amount of data for the majority class
[25].

f. Standardization: the scale of data
was changed to be uniform so that it
could contribute equally to the analy-
sis process [26].

2.3 Data processing
2.3.1 Clustering

Clustering was done using K-Means
Clustering and GMM. K-means grouped
the data into multiple optimal clusters based
on data similarity [27]. Meanwhile, GMM
clustered data based on probability distribu-
tion [26]. The application of the cluster-
ing method helped to uncover the patterns
in hematological data that overlap between
clinical categories. The clustering results
can provide an overview of possible diffi-
culties in classification due to the similarity
of hematological characteristics at the su-
pervised learning stage.
2.3.2 Modelling

Training and testing models was
done using RF and SVM to predict the value
of the test data to draw final conclusions
[23, 28].

The RF model builds many decision
trees as a bootstrap sampling, then the pre-
diction results of the entire tree are com-
bined and the final prediction on the classi-
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Fig. 1. Illustration of the RF Concept. Adapted
from [29].

Fig. 2. Illustration of the SVM Concept.
Adapted from [31].

fication is determined based on the majority
vote (Fig. 1) [30].

The SVM model determines the op-
timal hyperplane position to separate the
data classes (classes -1 and +1) in Fig. 2
[14], by observing the margin as the dis-
tance between the hyperplane and the near-
est data point of each class [32]. The im-
plementation of SVM uses three kernels,
namely linear, RBF, and polynomial, to
model and handle the complexity of hema-
tological characters.

2.4 Evaluation of results
Models can be evaluated based on the

values of accuracy, precision, recall, and
F1-score [23].

Fig. 3. Reading scheme of a multiclass confu-
sion matrix (3x3). TP: True Positive, FN: False
Negative, TN: True Negative, FP: False Posi-
tive. Adapted from [33].

Model performance was rated from a
confusion matrix which displays the classi-
fication results information related to the t-
value positive, false negative, false positive,
and true negative (Fig. 3).

The values of accuracy, precision, re-
call, and F1-score are obtained from the val-
ues listed in the confusion matrix using the
following formula [33]:

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
,

(2.1)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
, (2.2)

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
, (2.3)

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
.

(2.4)

The final step is to test the model
using test data to obtain prediction results
[34]. Data testing was used to measure
the model’s ability to produce predictions
based on data that has never been used be-
fore. The test results showed differences in
performance between models and the best-
performing model was identified [35]. This
study adds the stage of model testing using
new data outside of training and testing data
as an approach to assessing the generaliza-
tion of the model so that it can show the per-
formance of the model when applied in the
real world.
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3. Results and Discussion
3.1 Data characteristics

The data characteristics were exam-
ined as the initial step in modeling tha-
lassemia screening using machine learning
by assessing the distribution of hematolog-
ical, categorical, and balance factors within
the dataset. The data distribution across
categories exhibits considerable imbalance;
hence, a combination of SMOTE and un-
dersampling was employed to rectify these
issues. Dataset imbalances provide not only
a technical challenge in modeling but also
reflect a real clinical scenario by integrat-
ing several types of thalassemia and non-
thalassemia groups.

The data characteristics are illus-
trated in Fig. 4(a), which presents the
boxplot distribution of the selected hema-
tological variables dataset. The hemato-
logical characteristics exhibited heteroge-
neous values that reflect the physiologi-
cal conditions of both healthy individuals
and those affected by thalassemia and other
hemoglobinopathies.

The hemoglobin value distribution
largely remained within the normal range;
however, there were outliers below the
normal range, indicating the pathophys-
iological condition of patients with re-
duced oxygen capacity. The erythrocyte
distribution exhibited consistent variation,
with only a few outliers at both the up-
per and lower extremes. Elevated ery-
throcyte counts reflect the body’s adapta-
tion to hypoxia, whereas reduced erythro-
cyte levels may indicate anemia. Genetic
disorder induces hemolytic anemia, lead-
ing to increased erythropoietin levels that
stimulate erythropoiesis, thereby augment-
ing erythrocyte production [36]. The hema-
tocrit exhibited significant variation with
several outliers at the lower threshold, sug-
gesting anemia due to a reduction in ery-

throcyte count in the body.
The MCV and MCH exhibited a

broad data distribution; the values are at or
below the normal threshold, with the me-
dian being at the normal limit. All out-
liers exhibiting below-normal levels in both
features suggested that certain individuals
possessed hypochromicmicrocytic hemato-
logic profiles [37]. Themean and range val-
ues of both parameters are relatively high
because the dataset is dominated by sam-
ples from the normal group. Consequently,
the distributions of MCV and MCH val-
ues aremore concentrated toward the higher
range compared to the other groups. MCHC
remains within the normal range due to
its relative stability compared to other pa-
rameters. Several outliers exhibit mild
hypochromic conditions in individuals with
thalassemia or other disorders.

3.2 Hematological features that affect
thalassemia

Themost relevant hematological fea-
tures in differentiating thalassemia within
the RF and SVM models comprise MCV,
MCH, hemoglobin, hematocrit, and ery-
throcytes. These features were selected
based on their clinical relevance, allow-
ing the model to differentiate between tha-
lassemia and non-thalassemia. These spe-
cific hematological parameters are physio-
logically associated with thalassemia. Tha-
lassemia is a disorder related to hemoglobin
in erythrocytes, making these hematologic
parameters potential markers for its identi-
fication.

MCV is a measure that reflects the
estimate of erythrocytes, while MCH is a
measure that surveys the hemoglobin con-
tent of erythrocytes. Individuals with tha-
lassemia are typically characterized by de-
creases in MCV and MCH, reflecting mi-
crocytic and hypochromic characteristics.
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Fig. 4. (a) Boxplot showing the distribution, median, and presence of outliers in selected hematologic
features, (b) Correlation matrix describing the relationship between hematological feature.

Decreased hemoglobin concentrations are
associated with disruptions in globin chain
synthesis. Hematocrit represents the ratio
of erythrocytes to the total blood volume
[39].

The hematocrit parameter is directly
proportional with erythrocyte count; thus,
variations in erythrocyte count will affect
hematocrit values. Changes in erythrocyte
count contribute to the identification of tha-
lassemia. Erythrocytosis is regarded as a
hematological feature of thalassemia pa-
tients, serving as a compensatory reaction
to microcytosis and hypochromia [40]. In
thalassemia patients, decreased bone mar-
row erythrocyte production, increased ery-
throcyte count, and precursor cell destruc-
tion ultimately result in anemia [41].

The selected features align with the
pathophysiological characteristics of tha-
lassemia, enhancing the precision of the
machine learning model’s performance.
While metrics like MCV and MCH are crit-
ical indications for suspecting thalassemia,
the inclusion of additional characteristics
enhances the potential for unbiased models
and augments the model’s generalized abil-

ity to predict novel data. The incorporation
of these variables aligns the model more
closely with real-world diagnostic tech-
niques [42]. Furthermore, this study incor-
porates the hybrid unsupervised-supervised
learning approach for thalassemia screen-
ing in targeted regional populations. The
unsupervised learning method was utilized
to investigate the fundamental patterns and
clustering of hematological data, while the
supervised learning techniques i.e., RF and
SVM were applied for classification.

3.3 Clustering using K-means and gaus-
sian mixture model

The clustering results (Fig. 5) pro-
vide a preliminary overview of the hemato-
logical data separation patterns. Although
this separation does not rely on category
labels, it reveals a pattern in hematologi-
cal data that support category differentia-
tion and identify abnormalities or outliers
within the established cluster.

Analysis of hematological parameter
values in each K-Means cluster revealed
distinct ranges of values across clusters (Ta-
ble 3). Thalassemiamajor had themost data
(𝑛 = 9) in Cluster 0, which displays het-
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Fig. 5. A clustering visualization that divides
the dataset into six clusters. (a) The results of
K-means clustering are displayed in the form of
scatter plots, (b) The results of GMM clustering
are displayed through the confusion matrix.

Table 2. Category distribution per cluster.

Cate-
gories IDA

𝛼-
thalas-
semia

𝛽-
thalas-
semia

HbE Nor-
mal

Thalas-
semia
Major

Cluster
0 1 3 1 2 2 9
1 0 1 0 2 119 0
2 4 9 8 19 16 0
3 1 7 33 2 1 2
4 0 3 0 3 85 0
5 3 4 3 4 78 0

erogeneity in data across all groupings, but
in very small numbers. The Hb, erythro-
cyte, hematocrit, and MCHC values in this
cluster were the lowest among the clusters,
whereas the MCV and MCH values are the
second lowest when compared to all clus-
ters. Consequently, this cluster is primarily
characterized by thalassemia major. How-
ever, the upper limit values for multiple pa-

rameters fall within the normal range, al-
lowing for the inclusion of other mild dis-
orders in the group.

Clusters 1, 4, and 5 (Table 2) repre-
sent the normal data groups, indicated by
their dominance and reflected in the mean
hematological value being at the normal
limit. The parameter ranges generally fell
within normal limits, although some lower-
bound values were already below the nor-
mal range. This may result in a slight reduc-
tion in the parameter values, causing data
from different groups to overlap. In Clus-
ter 5, the lower-bound values are lower than
those in Clusters 1 and 4, resulting in greater
variation within the cluster and increasing
the likelihood of overlap with other abnor-
mality groups. The normal category dom-
inates these three clusters, which indicates
the existence of sub-patterns or variations
in the normal group. These variations are
characterized by the differences in the value
ranges of each parameter across the three
clusters, although the ranges remain within
the normal thresholds. This variability is
likely due to the absence of data grouping
by age or gender, as hematological param-
eters can differ by age groups or genders.

Cluster 2 exhibits significant data
heterogeneity, with all category groups rep-
resented in varying properties. The normal
and HbE groups dominate this cluster. The
values range from subnormal to normal, al-
lowing the inclusion of the 𝛽-thalassemia,
𝛼-thalassemia, and IDA classifications (Ta-
ble 3). A previous study indicated that
hematological values in normal andHbE in-
dividuals were relatively similar, with HbE
individuals ranging from asymptomatic to
those requiring transfusions [43]. This mild
HbE condition aligns with normal individ-
uals when considering only hematological
screening outcomes. Moreover, from the
perspective of red blood cell morphology,

388



M. Mardiah et al. | Science & Technology Asia | Vol.31 No.3 July - September 2026

Table 3. The average value and range of hematological features of each cluster.

Cluster Hemoglobin Leukocytes Erythrocytes Platelets
min min max mean min max mean

0 5.9 9.7 7.89 1.21 16.82 6.57 2.81 4.64 3.55 23 495 238.61
1 12.8 15.1 13.85 4.50 13.90 7.74 4.16 5.55 4.78 175 459 294.45
2 10.6 14.9 12.91 4.76 18.06 9.43 4.31 7.35 5.29 185 576 368.98
3 7.7 13.4 10.92 5.23 14.51 8.86 4.08 6.81 5.59 271 645 402.5
4 14.5 18.5 15.82 4.24 19.89 7.65 4.67 6.71 5.42 191 608 289
5 10.4 13.3 12.32 3.85 13.42 6.98 3.65 5.08 4.43 158 431 292.98

Cluster Hematocrit MCV MCH MCHC
min max mean min max mean min max mean min max mean

0 19.7 32.1 25.72 56.8 87.6 72.84 17.6 27.8 22.4 27.3 33.4 30.75
1 37.5 46.0 41.36 75.1 94.7 86.48 25.6 31.7 28.96 31.5 36.2 33.49
2 31.4 44.7 38.99 59.6 87.9 74.22 19.3 29.4 24.58 31.2 34.8 33.12
3 24.9 40.3 33.95 53.0 78.2 61.11 16.8 25.0 19.63 28.3 34.9 32.14
4 40.8 55.0 46.01 76.8 92.5 85.07 25.9 32.8 29.26 32.5 36.3 34.4
5 29.4 40.5 37.6 72.5 95.3 84.97 23.4 32.6 27.85 30.6 35.7 32.79

HbE reveals similarities to individuals with
thalassemia or mild thalassemia intermedia
conditions.

Cluster 3 is dominated by the 𝛽-
thalassemia group, while the other groups
are represented in smaller proportions. This
is reflected in the parameter ranges, which
are generally lower than those observed in
the other clusters, except for Cluster 1. The
slightly lower values may allow the IDA,
𝛼-thalassemia, HbE, and normal samples
within this cluster. This cluster exhibited
a characteristic profile of 𝛽-thalassemia,
as indicated by the decreased range of
hemoglobin and hematocrit values, as well
as the lowest MCV and MCH values ob-
served across all clusters. Conversely, ery-
throcyte levels were significantly increased.

Clusters 0 and 2 indicate that the data
patterns remain relatively ambiguous, mak-
ing it difficult to clearly distinguish between
the groups. The hematological value ranges
within certain clusters included both normal
values and values below the normal thresh-
olds. Consequently, the clusters illustrate
a blend of categories, indicating the limita-
tions of hematological data patterns to dif-
ferentiate categories clearly.

Clustering using GMM group data
based on probability distributions was per-
formed. In contrast to K-means, which
is commonly visualized in a scatter plot,
GMM clustering in this study is presented
using a confusion matrix to compare cluster
assignment with the actual hematological
labels. The diagonal cells of the confusion
matrix indicate the number of correct classi-
fications. Cluster 4 shows the highest num-
ber of correctly classified instances, pre-
dominantly composed of normal data (230
instances) and followed by cluster 2, mainly
consisting of 𝛽-thalassemia (34 instances).
Although the visualization approaches dif-
fer, both clustering methods exhibit that the
normal and 𝛽-thalassemia groups possess
sufficiently distinct data patterns compared
to other groups. The accuracy of the GMM
model at 79.11%, was determined by com-
paring the projected result clusters with the
actual labels.

Meanwhile, the 𝛽-thalassemia cate-
gory appears to overlap with 𝛼-thalassemia
and HbE. This is likely due to a mild de-
crease in 𝛽-thalassemia-related hematolog-
ical parameters, which may result in the
inclusion of 𝛼-thalassemia and HbE data.
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In another study, it was shown that the
hematological profiles of the 𝛽-thalassemia
trait and homozygous 𝛼-thalassemia were
highly similar due to their microcytic char-
acteristics, with no statistically significant
differences in red cell indices between
the 𝛽-thalassemia trait and homozygous 𝛼-
thalassemia [44]. A previous study on the
difference in hematological profiles of HbE
and 𝛽-thalassemia found that the hema-
tological parameters of 𝛽-thalassemia are
generally lower than HbE, although the
HbE values also tend to fall below normal
thresholds [45].

Clustering is a method used to iden-
tify inherent patterns of hematological data
distribution within each clinical category.
This data analysis reveals the limitations
of overlapping hematological data patterns
that underpin the evaluation of prediction
outcomes in the model test.

3.4 Evaluation results of random forest
and support vector machine models

The evaluation of model perfor-
mance evaluation was conducted to com-
pare the RF and SVM models with linear,
RBF, and polynomial kernels. Compar-
isons were conducted by analyzing the ac-
curacy, precision, recall, and F1-score val-
ues, as well as the confusion matrix data
to assess the model’s ability to distinguish
hematological categories. The hematolog-
ical features utilized demonstrate a strong
diagnostic ability in distinguishing cases of
thalassemia from normal individuals, as re-
flected in the model performance results
displayed in Table 4.

Previous studies have stated that an
accuracy above 70% indicates that the al-
gorithm’s performance is sufficiently good
[46]. According to this threshold, all mod-
els developed this study demonstrated sat-
isfactory performance. The RF model

achieved the highest accuracy at 91%,
whereas with the SVM model, the linear
kernel demonstrated the highest accuracy
value of 86%, which was only slightly
higher than the RBF kernel (85%).

The RF model exhibited strong per-
formance across all model evaluation met-
rics, indicating that the RF model exhibits
considerable resilience to the complexity of
hematological features. This resilience is
achieved by integrating multiple trees, each
trained on distinct random subsets of the
dataset. Consequently, misclassifications
were mitigated, as the aggregation of multi-
ple trees offered diverse decisions, thereby
enhancing predictive accuracy [47]. SVM
demonstrated stable and reliable perfor-
mance (Table 4) on small datasets charac-
terized by complex patterns, utilizing sev-
eral kernel functions to construct a flexible
decision boundary for data mapping. These
findings continue to support the SVM for
achieving competitive accuracy under spe-
cific situations [48].

Table 4. Evaluation results of the RF and SVM
models.

Models RF SVM
Kernel - Linear RBF Polynomial
Accuracy 91% 86% 85% 76%
Precision 89% 89% 89% 87%
Recall 86% 86% 85% 76%
F1-score 87% 87% 86% 80%

SVM-linear is appropriate for use on
data with linear inter-feature relationships,
whereas SVM-RBF is better suited for han-
dling non-linear and more complex data
patterns, and SVM-polynomial is best uti-
lized to model feature combinations or in-
teractions [24]. The difference in precision
and recall metrics across the RF and SVM
models indicates an imbalance in class pre-
dicting. Nonetheless, the comparable F1-
score values on both metrics indicate that
the balance is still maintained.
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Previous studies have illustrated the
differenced in effectiveness between these
two models, each yielding distinct out-
comes. These findings indicate that both
the dataset properties and the applied opti-
mizations affect the model’s performance.
In another study using models to predict
𝛽-thalassemia, the RF model attained an
accuracy of 91%, while the SVM model
achieved an accuracy of 90% [49]. Misclas-
sified instances as false positives indicate
a pattern within a proximate or intersect-
ing range. Employing SVM with a linear
kernel and RBF showed consistent efficacy
in classifying patients with 𝛼0-thalassemia
and 𝛼+-thalassemia based on CBC data,
achieving an accuracy of 90.72% [42]. Us-
ing SVM-polynomial achieved 99% accu-
racy in the classification of 𝛼-thalassemia
and 𝛽-thalassemia in both minor and major
types [50]. In the investigation of the effi-
cacy of RF and SVM models utilizing both
original data and data enhanced by SMOTE
intervention, performance improved after
SMOTE was applied; the accuracy of the
RF model increased from 92% to 95%,
while the accuracy of the SVM increased
from 91% to 92% [51]. The performance
variability of these two models indicates
that the algorithm’s performance was influ-
enced by the characteristics of the data, the
optimization strategies applied, and the dif-
ferences in the CBC parameters used. Nev-
ertheless, the results obtained have shown
that the machine learning approach in these
twomodels was able to capture relevant pat-
terns in hematological data and has the po-
tential to be an effective screening tool.

The RF model demonstrated supe-
rior performance, indicating that hemato-
logical data patterns can be effectively dis-
tinguished using the decision tree method-
ology. Although, the SVM model showed
lower performance overall, the SVM kernel

suggests that the hematological data is suffi-
ciently complex to be effectively separated
in linear and nonlinear spaces utilizing the
comparable performance of the linear and
RBF kernels.

3.5 Test results of random forest and
support vector machine models using
new data

The performance evaluation of the
RF and SVM models utilizing additional
test data revealed differences in prediction
results (Tables 5-6). These variations are
reflected by the difference in the number of
correct predictions obtained in each model.
The SVM model had the highest number of
correct predictions with a linear kernel of 40
data points, while the RF model has a total
of 38 data points.

Table 5. Prediction results using the RF model.

Categories Prediction Results
IDA 1 IDA

1 𝛼-thalassemia
𝛼-thalassemia 5 𝛼-thalassemia

1 Normal
2 HbE
2 𝛽-thalassemia

𝛽-thalassemia 7 𝛽-thalassemia
2 𝛼-thalassemia
1 Thalassemia Major

HbE 7 HbE
2 𝛼-thalassemia
1 𝛽-thalassemia

Normal 10 Normal
Thalassemia major 8 Thalassemia Major

1 HbE
1 𝛼-thalassemia

Total Correct Prediction 38

The test results of all models showed
that only the normal hematological category
was predicted to be 100% correct. Hema-
tological profiles in normal individuals
(hemoglobin, MCV, MCH, erythrocytes,
and hematocrit) generally have clearer and
more stable patterns, making them easier to
distinguish across models than other hema-
tological categories.
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Table 6. Prediction results using the SVM
model.

Categories Prediction Results
SVM-
linear

SVM-
RBF

SVM-
polynomial

IDA 2 IDA 2 IDA 2 IDA
𝛼-thalas-
semia

2 𝛼-thalas-
semia

4 𝛼-thalas-
semia 8 IDA

3 IDA 1 IDA 2 𝛽-thalas-
semia

3 HbE 3 HbE
2 𝛽-thalas-
semia

2 𝛽-thalas-
semia

𝛽-thalas-
semia

9 𝛽-thalas-
semia

7 𝛽-thalas-
semia

9 𝛽-thalas-
semia

1 𝛼-thalas-
semia 1 HbE 1 IDA

1 𝛼-thalas-
semia
1 Thalas-
semia Major

HbE 8 HbE 6 HbE 4 HbE
2 𝛼-thalas-
semia

3 𝛼-thalas-
semia 6 IDA

1 IDA
Normal 10 Normal 10 Normal 10 Normal

Thalassemia
major

9 Thalas-
semia Major

3 Thalas-
semia Major

5 Thalas-
semia Major

1 HbE 7 HbE 5 HbE
Total Correct
Prediction 40 32 30

Classification of 𝛽- thalassemia is
recognized with various performance. The
SVM-linear and SVM-polynomial showed
good classification performance (9 cor-
rectly classified instances), whereas RF and
SVM-RBF demonstrated moderate perfor-
mance (7 correctly classified instances).
Misclassification led to the categories of 𝛼-
thalassemia, thalassemia major, HbE, and
IDA. The similarity of hematological pro-
files between 𝛽-thalassemia and HbE have
the potential to cause overlap, as they in-
volve abnormalities in the 𝛽-globin gene,
resulting in relatively adjacent patterns of
hematologic parameters. HbE can give
rise to a 𝛽-thalassemia-like picture due to
a substitution mutation in codon 26 of the
𝛽-globin gene that changes the sequence
GAG (glutamate) to AAG (Lysine). This
condition causes cryptic splice site activa-
tion thereby decreasing the production of
mRNA 𝛽E and reducing the synthesis of the
𝛽E chain of globin [52]. In addition, tha-

lassemia major in this study includes het-
erozygous 𝛽-thalassemia and HbE so it also
has the potential to show an overlapping
hematologic profile because it involves ab-
normalities in the same gene. When com-
pared to IDA, hemoglobin values are in
a close range, only in 𝛽-thalassemia is it
higher. Meanwhile, the values of MCV and
MCH in 𝛽-thalassemia are lower than those
of IDA.

𝛼-thalassemia exhibited limited clas-
sification performance across the models.
RF showed moderate performance (5 cor-
rectly classified instances), the linear and
RBF SVM showed lower performance (2-
4 correctly classified instances). Prediction
errors led to normal, HbE, 𝛽-thalassemia,
and IDA classifications. The data sug-
gests that the hematologic pattern in 𝛼-
thalassemia has less prominent characteris-
tics, making it more difficult to distinguish
by the model. Hematological parameters in
𝛼-thalassemia typically exhibit a mild de-
crease, which may resemble the conditions
of IDA, other hemoglobinopathies, or even
normal levels. Mild deterioration in con-
ditions such as 𝛽-thalassemia and HbE can
lead the model to misidentify cases as 𝛼-
thalassemia.

Furthermore, the less prominent
characteristics of 𝛼-thalassemia might be
caused by the lack of subgroup information
in the archived dataset. The 𝛼-thalassemia
cases were not further categorized into
𝛼0 and 𝛼+ thalassemia subgroups. This
may have increased the variability of the
𝛼-thalassemia group and decreased the
specificity of its hematological pattern
because samples with potentially distinct
hematological symptoms were combined
into one category. This limitation may have
contributed to the lower classification per-
formance observed for 𝛼-thalassemia. The
findings of a separate study suggest that the
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MCV and MCH values of 𝛼-thalassemia
trait carriers are in the normal range to
slightly decreased, though confirmation of
the diagnosis often requires DNA analysis
[53]. Furthermore, another study showed
that silent 𝛼-thalassemia carriers had a
normal hematological profile, showed no
significant differences, and usually had
HPLC test results that showed normal
𝛼-globin levels [54]. This condition in-
dicates that silent 𝛼-thalassemia carriers
are difficult to identify using hematologic
parameters.

The HbE category was predicted
with the highest performance by the SVM-
linear model (8 correctly classified in-
stances, followed by the RF (7 correctly
classified instances) and then the SVM-
RBF (5 correctly classified instances),
with the lowest performance seen in the
SVM-polynomial (3 correctly classified in-
stances) model. Misclassifications indicate
categories apart from HbE, including 𝛼-
thalassemia, 𝛽-thalassemia, and IDA. The
range of hemoglobin, MCV, and MCH pa-
rameter values in the HbE category is rela-
tively close to the thalassemia group. How-
ever, the hematological mean value of HbE
was the highest compared to the thalassemia
group, while the 𝛽-thalassemia category
showed the lowest average value. In IDA,
the MCV and MCH values were slightly
higher, while Hb was lower than the tha-
lassemia group. IDA had a lower MCH but
a higherMCVwhen compared to HbE. This
overlap of hematological parameters makes
it difficult for the model to distinguish cat-
egories.

The IDA data were correctly pre-
dicted by all SVM kernels, whereas the RF
correctly classified only one instance. Mis-
classifications led to 𝛼-thalassemia classi-
fication due to overlapping hematological
values, where IDA generally exhibits lower

hemoglobin values but higher MCV and
MCH values compared to 𝛼-thalassemia.
The thalassemia major data was correctly
classified most by SVM-linear (𝑛 = 9),
followed by RF (n = 8), and moderately
well by SVM-polynomial (𝑛 = 5), while
the lowest performance was seen in SVM-
RBF (𝑛 = 3). Misclassification occurred
mostly in the HbE category, with one in-
stance misclassified as 𝛼-thalassemia. The
inaccuracy of prediction for anemia and tha-
lassemia groups can be explained by the
overlapping of hematological characteris-
tics, since patients with lowMCVandMCH
values generally present with microcytic
and hypochromic anemia. Furthermore,
the misclassification of HbE might be re-
lated to the presence of heterozygous 𝛽-
thalassemia and HbE in some thalassemia
major samples. Although certain hema-
tological parameters in thalassemia major
(hemoglobin, MCV, MCH) are sufficient
to show a clear enough pattern—the low-
est mean and range—to be separated from
other categories.

Model evaluation using independent
test data, separate from training and testing
data, provides an external validation stage
to assess the model’s generalization capa-
bilities and potential for implementation in
the real world.

This preliminary study applied a
combination of unsupervised and super-
vised learning to the dataset. Unsupervised
learning was used to explore patterns in
hematological data among the thalassemia
group, other hemoglobinopathies, and nor-
mal individuals. The hematological data
patterns revealed a tendency for clustering
among certain groups, particularly between
the normal and 𝛽-thalassemia groups, al-
though some overlap still remained. Over-
lap was also found between the HbE and
normal groups, as well as among other
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groups. Therefore, consistent separation
patterns based on hematological parame-
ters were not clearly observed. Supervised
learning contributed to the development of
RF and SVM prediction models using lin-
ear, RBF, and polynomial kernels to clas-
sify new test data that were not included in
the training set as an evaluation of the mod-
els’ generalization ability to previously un-
seen data.

3.6 Clinical diagnostic limitations
The results of this preliminary study

indicate that hematological profiles have
limitations in distinguishing between pa-
tients with thalassemia and those with other
hemoglobinopathies. The similar char-
acteristics of microcytic anemia in these
hematological profiles make it difficult to
differentiate between the thalassemia, HbE,
and IDA groups. ACBC is very useful as an
initial screening tool but cannot yet serve as
a definitive diagnostic tool, thus requiring
further definitive diagnostic testing. The
overlap in hematological profiles observed
in this analysis aligns with the challenges
encountered in real-world clinical settings
during the diagnostic process. CBC results
showing a decrease in Hb levels still re-
quire additional testing to distinguish be-
tween conditions such as thalassemia and
IDA. Therefore, screening results based on
a CBC must be followed up with more spe-
cific tests according to clinical indications
to differentiate thalassemia IDA.

This overlap may be related to vari-
ations in hematological characteristics in
mild forms of thalassemia, whichmay show
relatively minor changes in the hemato-
logical profile, resulting in similar values.
For example, mild 𝛽-thalassemia may ex-
hibit hematological characteristics similar
to IDA [40, 55]. Similarly, a microcytic
profile can be found in 𝛽-thalassemia, 𝛼-

thalassemia, and IDA.
Limitations in the interpretation of

𝛼-thalassemia groups may also be related
to the classification of groups within the
dataset. Variations in 𝛼-thalassemia geno-
types result in variations in hematologi-
cal characteristics; however, some condi-
tions remain difficult to distinguish based
solely on hematological profiles [56]. In
this study, the categories from the avail-
able sources did not include information re-
garding the 𝛼0 and 𝛼+ genotype subgroups;
therefore, these categories were combined
into a single dataset class.

Age variation in the dataset may have
also contributed to the wide range of hema-
tological profile values. The sample in-
cluded individuals ranging from children to
adults to the elderly, given that normal CBC
parameter values differ across age groups.
This factor must be considered when inter-
preting classification results if the data dis-
tribution shows a wide range.

4. Conclusion
The evaluation results show that RF

achieved the highest accuracy (91%). How-
ever, when testing data not used in the train-
ing process, SVM-linear demonstrated the
highest performance, with 40 correctly pre-
dicted instances, although this was only
two instances higher than RF. These re-
sults indicate that RF exhibits superior clas-
sification performance based on accuracy,
whereas SVM-linear demonstrates slightly
better generalization ability on the test data.

This study still has limitations re-
garding the sample size and the availabil-
ity of supporting information in the dataset.
Future research is recommended to use a
larger dataset and incorporate additional
supporting parameters to help clarify the
patterns between groups, thereby poten-
tially improving model performance and
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generalization.
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Appendix

Table 7. Hyperparameter settings used for each
machine learning model in this study.

Model Hyperparameter Value
RF n_estimators 100

criterion Gini
max_depth None
min_samples_split 2
min_samples_leaf 1
max_features sqrt
bootstrap True
random_state 42

SVM-linear C 1.0
kernel linear
random_state 42

SVM-RBF C 1.0
kernel rbf
gamma scale
random_state 42

SVM-polynomial C 1.0
kernel poly
degree 3
gamma scale
random_state 42
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