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Abstract

In medical datasets, class imbalance is an issue when the number of healthy cases signifi-
cantly exceeds the number of Thalassemia cases, and this hampers machine learning (ML)
prediction accuracy. The focus of this paper is on the effectiveness of SMOTE and SHAP
being combined in addressing imbalance and subsequently improving model interpretability
for Thalassemia diagnosis through ML. The study involved training and testing five different
algorithms, namely, SVM, Logistic Regression, Decision Tree, Random Forest, and XG-
Boost on an imbalanced set of patients. SMOTE was used to oversample the minority class
thus balancing the dataset and reducing the predisposition towards the majority class. SHAP
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executed the pinpointing and dissecting of the most representative diagnostic features thereby
the interpretability was improved dramatically. The evaluation revealed that SMOTE has
remarkably enhanced the aspect of performance of the minority class; thus, using XGBoost
the F1, score witnessed an increment of 60% (0.57 to 0.86) while AUC and ROC saw a rise
of 21% (0.74 to 0.95). Altogether, the average F1, score and AUC, ROC were increased by
approximately 41% and 21%, respectively. The upshot was that SHAP brought out features
corresponding to the clinical realm, such as the concentration of hemoglobin and the total
number of RBCs, which is in line with medical knowledge. Physicians checked the SHAP
output and confirmed their agreement with the diagnostic procedures. This approach of a
combination from two different sides covers the challenge of imbalance in the data while at
the same time enhancing interpretability, thus augmenting the dependability and transparency
of the model when used in the clinical perspective. The availability of our open source code
is an offer for the implementation of widespread thalassemia screening initiatives.

Keywords: SMOTE, Imbalance
disease, Machine learning.

1. INTRODUCTION

problem, SHAP, Interpretability problem, Thalassemia

Thalassemia is a serious genetic blood disorder, a genetic blood condition that results in aberrant

hemoglobin synthesis, which damages

Red Blood Cells and results in Chronic Anemia. The disease

is caused by mutations in genes related to hemoglobin (alpha-globin or beta-globin chains) [1]. The
emergence of Artificial Intelligence (Al) and Machine Learning algorithms has brought about a
radical shift in all sectors, including the healthcare sector [2]. Al has adopted smart tools that have
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great capabilities in analyzing medical data, regardless of its degree of complexity, and predicting
diseases with extreme accuracy [3]. Traditional methods of diagnosing and detecting thalassemia
are done through laboratory tests in conjunction with genetic tests. Although these methods are
still used, their high cost, time-consuming nature, and limited access, especially in resource-limited
areas, have posed a major challenge [4]. Artificial intelligence has the potential to address this gap
by analyzing the diversity of big medical data through ML algorithms that are capable of discovering
patterns and identifying relationships between the patient’s genetic and environmental factors and
using computer features, which develops the accuracy and speed of prediction [5].

Using ML algorithms in prediction has a positive impact in allowing preventive intervention and
early diagnosis of the disease or not, in addition to providing the necessary genetic counseling
[6]. On the other hand, we use these tools in remote areas to detect the disease because they
are low-cost and smart diagnostic methods, which benefit the health sector in terms of reducing
health disparities. Despite this great potential, the successful implementation of ML in real, world
clinical environments such as thalassemia diagnosis are still hampered by quite a few technical
difficulties. One very common and highly important challenge is the issue of class imbalance in
datasets, particularly in medical datasets classes are made up of cases that are not equally distributed
[7]. This issue is especially prominent in real, world examples of clinical medical diagnosis [8].
Machine learning models trained on imbalanced data sets face a number of challenges, and their
results tend to be only partially accurate, especially for minority classes [9]. However, apart from
the imbalance issue, the application of ML algorithms in the diagnosis of thalassemia presents other
obstacles, such as patient confidentiality, the variety of medical data to be used for the purpose of
avoiding bias, as well as the importance of integration between the cooperation of the developer’s
side by side with clinicians to understand the clinical context.

A common challenge in machine learning models is the problem of class imbalance in datasets,
especially medical datasets [10]. Classes are composed of cases that are unevenly distributed. This
problem is particularly prominent in real-world applications such as clinical medical diagnosis [11].
Using imbalanced data sets creates significant obstacles for machine learning models, leading to
somewhat biased results, especially for minority classes [12].

Through precise interpretation and high-dimensionality processing, SHAP can improve predictive
models like thalassemia prediction, particularly for imbalanced datasets, while maintaining clinical
relevance and regulatory compliance [13]. SHAP to bridge the gap between medical usability and
the performance of relevant machine learning models [14]. However, one must be careful about
domain knowledge integration when using SHAP [15]. Clinicians have a persistent demand for ML-
based models to be transparent in terms of confidence in predictions, especially critical ones. SHAP
plays a pivotal role in this area by providing local, individual-level interpretations of predictions
along with insights into ML-based models’ behavior [16].

SHAP is actually very important here as it gives local, individual, level explanations of predictions
to demonstrate the behaviour of the ML, based model. Importantly, the interpretability that SHAP
offers is the most reliable when the model is based on balanced and representative training data.
Consequently, using SMOTE for class balancing together with SHAP for model interpretation forms
a framework that supports each other: SMOTE reduces bias in the model, and SHAP explains this
less biased model, thus giving insight that is clinically valid as well as reliable for minority class
predictions [17]. In order to tackle these two issues together, the authors suggest a new framework
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that integrates the SMOTE technique to solve the problem of class imbalance and the SHAP method
to improve the interpretability of the model, which is a case study of thalassemia prediction.

2. SYSTEMATIC LITERATURE REVIEW

A systematic literature review (SLR) is a rigorous methodological approach that is carefully planned
and executed with the aim to provide a transparent, repeatable and scholarly review. It helps to
lessen the bias, makes it more credible and enables a thorough synthesis of the existing research
on a well, defined topic. According to research guidelines ensure transparency and rigor [18], an
SLR usually goes through different phases that together ensure a comprehensive and systematized
literature investigation. These steps are: defining clear research questions, planning a detailed
search strategy, performing an extensive search of literature, applying the selection criteria to the
studies, and summarizing and presenting the results. Essentially, this methodical process is not
only a good way of mapping the existing knowledge but also a means to pinpoint the gaps and
inconsistencies in the area studied [19].

FIGURE 1 summarizes the account of the main stages of the systematic literature review which
were undertaken for this research.
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Figure 1: The Core Stages of (SLR)

As s clear from Section 1: The SLR involves of four phases: First stage includes a clear formulation
of the study questions and objectives, which includes identifying the gap for research in the field
of thalassemia prediction and the obstacles and challenges facing the prediction process based on
machine learning as supported by [20]. The second stage included everything related to formulating
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the protocol for previous systematic studies, which is choosing the database rules for the approved
research, designing and excluding research, in addition to identifying the keywords related to the
study [21]. The third stage included the search process using keywords and using the OR operator
to combine two or more keywords. As for the fourth stage, it is to collect the research and studies
related to the study, read them intensively, and include them in the previous studies section of this
research.

1. RQ1: What are the most advanced machine learning techniques currently used for high-
accuracy thalassemia prediction?

2. RQ2: What effects do the SMOTE technique (for data balancing) and XAI’s SHAP method
(for model interpretation) have on classifier performance?

3. RELATED WORK

In 2019, the authors introduced Simulated Annealing Extreme Learning Machine (SAELM). This
approach OF hybrid machine learning is used to achieve early detection and robust prediction of
thalassemia, which is useful for controlling the incurable disease [22]. In 2020, the researchers
proposed a new machine learning-based approach aimed at improving the early detection and di-
agnosis of thalassemia through feature analysis of the CBC dataset. This study is one of the first
to analyze linear discriminant analysis (LDA), which opens the door to proposing new, effective
diagnostic methodologies. This technique saves time, effort, and cost [23]. In [2022], the authors
used several machine-learning models, including AdaBoost, to predict thalassemia early [5]. Early
detection has been a goal of many researchers due to the high prevalence of this disease in East Asia
and Mediterranean countries. AdaBoost achieved high accuracy, but the small dataset limited this
study [24]. In [2024], the authors proposed a new approach to detecting thalassemia without the
use of invasive methods [25], and this proposal is considered a good advancement for clinicians.
This study uses PPG techniques to measure blood parameters. This approach analyzes collected
data using machine learning models and produces highly accurate predictions, reducing costs and
providing a convenient, faster, and more effective alternative that is more convenient for patients
[25].

Despite the significant progress achieved in the usage of ML approaches in the initial detection
and diagnosis of thalassemia, a systematic review of the literature indicates the emergence of new
challenges regarding the data diversity and model transparency. Model performance is highly reliant
on the type and size of the trained datasets [26]. Related works have demonstrated limitations caused
by sample sizes, particularly for small medical datasets, along with a lack of comprehensive demo-
graphic representation [27]. This, in turn, negatively influences the generalizability of these models.
Furthermore, it has become essential to provide interpretable and highly transparent models, which
in turn allows clinicians to fully understand the outputs of machine learning models so they can
integrate them into clinical practice [ 26, 28]. TABLE 1, lists some selected studies that use common
machine-learning models in the early detection and prediction of thalassemia.

Based on TABLE 1, and in the context of this study, a workflow for early detection and prediction
of thalassemia disease is proposed using a selected set of ML models such as (Decision Tree,
SVM, Logistic Regression, XGBoost, and Random Forest). The workflow includes two sides, with
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Table 1: Common ML models in Early Prediction of Thalassemia

Refs. SVM KNN LR NB RF AdaBoost XGBoost DT MLP GBoost CNNs ELM GBM Voting
[19] \% v \% v \% \% N v \% N/A NA NA NA NA
[24] N/A N/A N/A N/A N/A N/A N/A N/A N/A  N/A v N/A NA NA
[20] N/A NA v NA NA N/A N/A v NA NA N/A NA NA NA
[18] N/A NA N/A N/A N/A N/A N/A N/A N/A N/A N/A v N/A  N/A
[25] v N/A NA v NA N/A N/A NA v N/A N/A NA NA NA
[26] N/A NA NA NA v N/A N/A N/A N/A N/A N/A NA NA NA
[27] N/A NA NA v N/A N/A N/A v NA NA N/A NA NA NA
[287 N/A NA NA v N/A N/A N/A N/A N/A N/A N/A NA NA NA
[29] NA NA v v N/A N/A N/A N/A N/A N/A N/A NA NA NA
[30] N/A NA N/A N/A N/A N/A N/A v NA NA N/A  NA NA NA

adapt SMOTE and SHAP techniques. The results are compared to demonstrate the effect of these
techniques on the accuracy and enhancement of prediction. The proposed workflow is shown in
FIGURE 2.

4. MATERIAL AND METHOD

In the following subparagraphs, all components of the proposed architecture in FIGURE 1. are
discussed in some detail.

4.1 Justification for Model and Technique Selection

This paper uses SMOTE (Synthetic Minority Oversampling Technique) to a class imbalance prob-
lem in a thalassemia dataset. There are three reasons why SMOTE has been chosen over ADASYN
or cost-sensitive learning as supported by [17, 29]:

Instead of replication, SMOTE samples were generated in a minority class in a feature space;
in this way, generalization with less risk of overfitting could be improved.

There is a difference between ADASYN and SMOTE, in case of their working mechanisms.
ADASYN is more inclined towards the hard, to learn examples, while SMOTE is a balanced
and computationally efficient method. Besides that, clinical datasets require interpretability
and stability, which are, no doubt, the features of SMOTE.

Cost, sensitive learning was on the table but demands very fine tuning of the misclassification
costs and thus may bring in a level of subjectivity. SMOTE provides a simpler, more data-
focused approach that fits nicely with our objective of increasing model performance without
losing clinical validity.

To pick a classifier, we decided on five popular, interpretable machine learning models: SVM,
Logistic Regression, Decision Tree, Random Forest, and XGBoost, as supported by [30]. We
selected this set to represent different ways of thinking about the modeling:
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Figure 2: The Research Workflow

* Linear regression (LR) models are generally the most straightforward in terms of model ex-
plainability [31].

* Decision tree, random forest, and gradient boosted trees based on tree structure can identify
non-linear dependencies and interactions between different clinical features [31].

* Support vector machine can work really well in cases when the dataset has a very large number
of features [32].

* Among other models, XGBoost was selected because it has demonstrated the ability to handle
imbalanced medical data effectively, as well as it has regularization functionality [33].
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Thus, these models provide a wide range of different methods to compare performance and check
the stability of results in clinical prediction problems.

4.2 Data Gathering

For this study, data were collected from a blood-testing center in Karbala, Iraq, for individuals
intending to marry, to determine whether they were carriers of thalassemia. The dataset contains
7350 records, each containing all the required characteristics, which are the results of a blood test
that reflects the procedures followed at the aforementioned medical center as supported by [34].

4.2.1 Data collection

Every piece of health information dataset came from a lab in Karbala, gathered slowly between
January 2021 and December 2025. Because names were removed right away, personal details stayed
hidden throughout the work.

4.2.2 The collection protocol

From patient files pulled after their thalassemia checks, info was gathered backward in time. Those
counted had done full blood tests, plus showed up with hemoglobin patterns on record, and another
condition: being eighteen or older. Left out were anyone missing lab details, people carrying
different blood diseases, or those pregnant, because that shifts blood measures.

4.2.3 Class distribution

In the context in study, out of 7350 total cases, FIGURE 3, illustrates the mechanism of how classes
are spread across the data. While TABLE 2, tabulate the classification of the sample used in terms
of demographic and clinical features.

Step 1 : Understand Data

Total Instances — 7350 Step 2 : Calculate Percentages Step 3 : Class Imbalance Ratio
Thal ot P s .l_"_e"C* T X= (2300/7350)*100=31.29% S X:Y=31.29:68.71
alassemia Fositive fases A= Y=(5050/7350)*100=68.71% X¥=122

Thalassenia Negative Cases Y= 5050

Figure 3: Class Distribution
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Characteristics Total (7350) Thalassemia Thalassemia P-value
Negative (5050) Positive (5050)
Age (years) (18-45) Included all Included all -
Gender (Male M, Female F) F=4012, M=3338 F=2006, M=1669 F=2006, M=1669 -
Hematological Parameters
RBC 5.01 £0.94 4.73 +£0.56 5.65 +1.13 < 0.001
HGB 10.96 + 2.15 10.37 £ 1.36 12.16 + 2.69 < 0.001
HCT 33.32 £ 5.58 31.66 = 3.95 36.46 + 6.64 < 0.001
MCV 66.31 = 7.55 68.37 = 6.29 61.77 £ 8.09 < 0.001
MCH 21.06 + 3.14 21.67+2.49 19.67 £ 3.45 < 0.001
MCHC 31.88 +2.47 17.12 £3.05 17.85 £ 4.65 < 0.001
Ferritin 65.08 + 78.06 14.93 + 27.65 18.99 + 5.66 < 0.001

4.3 Data Preprocessing

This stage includes four sub-steps: Handling Missing Data, Outlier Detection & Treatment, Data
Transformation, and Feature Engineering. The next sub-sections highlight the important aspects of
each step [17, 35].

4.3.1 Handling missing data

The study employed KNN (k, Nearest Neighbors) imputation with the parameters k=5 and weights
= “distance”. The reason for choosing this method instead of mean/median/mode imputation was
that it retains the local structure and interrelations in the data, which is very crucial for clinical
datasets where feature correlations are significant. While mean or median imputation simply re-
places missing values with the average of the variable without considering the context, k, NN
takes into consideration the characteristics of the samples that are alike thereby reducing bias and
preserving the integrity of the dataset for the subsequent modeling [36].

4.3.2 Outlier detection & treatment

For this piece, an interquartile range (IQR) method was used for identifying and getting rid of out-
liers instead of capping. In order to get rid of very extreme values that could lead to model training
distortion, the authors paid extra attention to the clinical nature of their data, where extremely high
or low lab results may be reflective of measurement errors or abnormal conditions. 127 data entries,
i.e., about 1.73% of'the total dataset, were removed as outliers which helped to keep the dataset clean
with no artificial changes being made to the distribution of the main biomarkers [37].
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4.3.3 Feature engineering

Feature engineering is important for enhancing the performance of machine learning-based models
in early detection or prediction of thalassemia. There are many methods for feature engineering;
three were used in this study: calculating the Mentzer index using the formula: (MCV/RBC count).
If the resulting value is less than 13, the individual is considered a thalassemia carrier. Calculate
the England and Fraser index using the formula (MCV - (5 x Hb) - 3.4): If the result is negative,
the individual is considered a thalassemia carrier. Calculate Shine and Lal index using the for-
mula (MCV?x MCH/100): If the resulting value is less than 1530, the individual is considered a
thalassemia carrier [38].

4.3.4 Data transformation

Each technique was applied to a specific group of features, coordinated by their distributions and
the needs of the models. Features that were limited to a known range (like percentages, indices) and
those used in models sensitive to feature scaling, such as SVM and KNN, were subjected to min-
max scaling. Z-score standardization was used on features that were roughly normally distributed to
help models such as Logistic Regression and XGBoost, which require inputs that are both centered
and scaled. The final decision was made based on exploratory data analysis and model validation
performance in the initial experiments [39].

4.4 ML Applying

After completing the preprocessing of the dataset, the data has been divided into 70% for training,
the 15% of data for validation, and 15% for testing as supported by [40]. It was fed into machine
learning models in two ways: the first was directly, without using SMOTE and SHAP techniques to
process imbalances, extract important features, and validate the extraction using clinical validation.
Validating feature selection with domain experts is very important to ensure that the extracted
features make clinical sense. The second way was done using both techniques mentioned above
[41]. A 70% training subset has been used for stage of training for each ML model, that allowed
it to learn patterns and relationships within the dataset; while 15% validation subset has been used
during the training stage for fine-tune the model’s parameters and avoid overfitting via using an early
stopping technique avowed in FIGURE 4. Thus, Early stopping was implemented with a patience of
6 epochs on the validation set loss to prevent overfitting [42]. Each model was implemented using
Python 3.9 and the Scikit-learn (v1.2) and XGBoost (v1.7) libraries. The SHAP (v0.42) library was
used to interpret the model.

4.4.1 SMOTE technique

Thalassemia prediction datasets often suffer from an imbalance between classes. This is because
the minority class (carriers) is significantly smaller than the majority class (healthy individuals).
This can lead to standard machine learning models biasing their predictions in favor of the majority
class, making the model unsuitable for generalization. Therefore, finding a solution to the class im-

10
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balance problem is unavoidable. Synthetic Minority Oversampling Technique (SMOTE) balances
the dataset by generating synthetic samples for the minority class, with the goal of improving the
performance of model. Moreover, the SMOTE technique was applied only to the training set of the
selected dataset after the train-validation-test split to avoid biasing the validation and test sets with
synthetic data. Consequently, the training data before and after Imbalance mitigation are tabulate
in TABLE 3.

Table 3: Imbalance Mitigation Process

Class Type No. of Cases Class Type No. of Cases

Before Imbalance Mitigation After Imbalance Mitigation

Minority Class  Thalassemia Positive Cases X=1572  Minority Class X=3500
Majority Class Thalassemia Negative Cases Y=3500 Majority Class Y=3500

11
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4.4.2 SHAP

To provide appropriate interpretations, identify key diagnostic markers, and enhance confidence be-
tween the use of machine learning and clinical decision-makers, the use of SHAP (Shapley Additive
Explanations) has become essential. It is an excellent tool for interpreting the output of machine
learning models in healthcare applications, such as thalassemia prediction. This tool helps clinicians
and researchers understand features (such as blood parameters and genetic markers) and derive the
most appropriate features for model decisions.

4.4.3 Investigating feature distributions

Look at how traits like red blood cells, hemoglobin, cell size, iron levels, and related markers spread
across the two groups. FIGURE 5, show shared ranges yet clear separation in blood measures.
Though some values mix, patterns tilt one way or another depending on the group. Each measure
behaves differently, but the overall picture pulls apart the categories.

- 35 MCH: The Thalassemia positive group
g shows a significantly lower median and
= 30 [ ] 1 a tighter distribution, which is a well-
5 | 1 known clinical marker for thalassemia.
= 75 Healthy controls have a higher median
I I and a wider range.
— |
20 T T
Healthy Controls Thalassemia Positive

Boxplot for Red Cell Distribution Width (RDW)

3.0 RDW: The pasitive class exhibits a

;j 25 _— wider spread and higher median,
= Inr.‘llr_atin? greater heterogeneity in red
o 2.0 | blood cell slze, another characteristic
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Figure 5: Feature Distribution

Look at how traits like red blood cells, hemoglobin, cell size, iron levels, and related markers spread
across the two groups. These visuals, meant for the updated paper, show shared ranges yet clear
separation in blood measures. Though some values mix, patterns tilt one way or another depending
on the group. Each measure behaves differently, but the overall picture pulls apart the categories.
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4.5 Performance Evaluation

Evaluating the performance of the ML model is crucial for ensuring that the proposed model can
be generalized well to unseen data in the real world and achieve its desired goal. The performance
metrics presented are from the held-out test set, which was not used for training or hyperparameter
tuning, to guarantee the reliability of our findings. To prevent data leakage, the entire procedure
including data splitting, SMOTE application (fit only on the training set), and evaluation was carried
out within a single pipeline. In this section, metrics that measure the performance of the machine
learning-based model are calculated. Accordingly, calculations were made for accuracy, precision,
and precision for each of the five models used in this study. The calculations were performed for
the results of the models with and without SMOTE and SHAP techniques, as clearly shown in
FIGURE 2. The metrics were measured according to the following equations shown in FIGURE 6.

— CORE METRICS - ADVANCED METRICS
{ 1 ;Confusion Matrix l
Predicted Y
Positive Negative

s (s)ROC and AUC

_%| TP FN

S s 5%

E £ < ™
B (AUC =0.95)
z i L o4  DETAILED ROC CURVE

S0 b
o

£

TP +TN

CIAUC=095
TP+ TN + FP + FN -~

o
o

—» Accuracy =

g
=

True Positive Rate
(Recall / Sensitivity)

02 = /| RANDOM CLASSIFIER
@ s ik (AUC=0.50) N
Precision — L % 0z o4 us o8 10
[ TP + FP False Positive Rate (1 - Specificity)
@ @ F1-Score
TP 2xTP
Recall = e Fl —
| Y T T = 2 x TP + FP + FN

Figure 6: Performance Metrics Utilized
In line with the above, the values of all metrics were calculated for all five models, once without

SMOTE and SHAP, and again after using them. The results were compared, and the model with the
best performance was chosen. All results have been displayed in the results section.

5. RESULTS AND DISCUSSION

In line with the above, the discussion of the results is divided into two parts: the first part provides
the results of applying the SMOTE technique, while the other part provides the results of applying
the SHAP technique.
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5.1 Performance Evaluation Result Before and After SMOTE

The results confirmed that all ML models used improved their performance when trained on SMOTE-
based balanced datasets. The authors used the analysis employed the standard formula for calcu-
lating percentage change, defined as the difference between the new and original values, divided
by the original value, and multiplied by 100.TABLE 4, shows the overall result before and after
SMOTE.

Table 4: The Overall Result before and after SMOTE.

Original Recall
Recall (sensitivity)
(sensitivity) (SMOTE)

ML Original F1 SMOTE F1 Original AUC-ROC AUC-ROC
Model (Minority) F1(Minority) Improvement AUC-ROC -SMOTE- Improvement

XGBoost 0.57 0.86 +50.9% 0.74 0.95 +28.4% 30% 87%
RF 0.40 0.81 +102.5% 0.64 0.91 +42.2% 20% 77%
LR 0.38 0.61 +60.5% 0.65 0.82 +26.2% 19% 75%
SVM 0.30 0.67 +123.3% 0.55 0.79 +43.6% 17% 69%
DT 0.33 0.71 +115.2% 0.68 0.77 +13.2% 18% 65%

5.2 SHAP Analysis of Predictive Features

According to the SHAP method, it is shown that the features which play a significant role in
the thalassemia dataset have a certain degree of empirical consistency. It shouldn’t go unnoticed
that the SHAP explanations that are given here come from the models that have been balanced
using SMOTE. When class imbalance is dealt with, SMOTE prevents the model from ignoring
minority, class patterns, hence the model works better on unseen data and fairer to the minority
class. As a result, the SHAP evaluation is indicative of feature contributions from a less biased
model that basically represents both classes and, therefore, the explanations have a higher clinical
trustworthiness.

* MCV (mean SHAP: +0.37): Microcytosis (<83 fL) was 2.7x more influential than age or
gender.

* HbA2 (mean SHAP value: +0.43): Levels >3.5% were the strongest predictor (ranged with
B-thalassemia diagnostic thresholds).

* For clinician validation, a specialist panel of 5 clinical hematologists independently reviewed
SHAP technique outputs for 77 high-risk cases, agreeing with 91% of the model’s top-4 risk
factors.

The discussion is divided into two sides: (??) clinical utilitarian: this study addresses underdiag-
noses. The SMOTE-enhanced model detected 3.7x more thalassemia cases (recall: 87 %) compared
to traditional lab cutoff methods (recall: ~49-62%). Actionable interpretations: SHAP’s analysis of
HbA2-MCYV interactions allowed clinicians to determine thalassemia from iron-deficiency anemia
without additional tests. On the other hand, (??) Technical Insights This study confirmed that XG-
Boost was particularly strong: Its built-in handling of class weights and ability to model nonlinear
relationships (e.g., HbA2 x MCH) made it immaculate for disease identification.
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6. CONCLUSION

This study demonstrates the need to address class imbalance in machine learning models for tha-
lassemia prediction, with SMOTE proving to be a highly effective and appropriate solution. Our
extensive review of five machine learning classifiers reveals that the model’s performance gets
a major uplift and enhancement when the model is trained on the balanced dataset generated by
SMOTE. On the other hand, SHAP provides explanations of the model’s decisions that are very
useful from a clinical point of view. It is of paramount importance that the combined use of
SMOTE and SHAP lays out a logical path: SMOTE first develops a strong and more unbiased
predictive model and then SHAP explains this superior model thus the explanatory insights are
trustworthy, useful, and well, balanced in terms of the representation of the data. This works hence
directly bringing about a better potential for the application of ML to clinical decision, making for
thalassemia screening.

In line with the above, this study comprehensively answered the research questions. All ML models
used had a positive fit with the balanced data using SMOTE. XGBoost emerged as the top performer,
which is: The value of F1-score increased by 60% and the value of AUC-ROC increased 21%. See
TABLE 2.

The study reflects on technical and practical applications. In this study, the following guidelines
are recommended: For high accuracy, XGBoost is recommended. For easy interpretation, logistic
regression is recommended. For computational efficiency, random forest is recommended. Ul-
timately, the researchers recommend SMOTE as a basic procedure for building a boosted model
based on machine learning, taking into account available computing resources and focusing on not
compromising the clinical utility provided by SHAP analysis, which is a systematic and clinically
feasible analysis.

7. LIMITATIONS AND FUTURE DIRECTION

The study was limited to a single dataset. Although it was real data from a medical center spe-
cializing in hematology, it would be preferable to use more than one dataset from more than one
country to strengthen and enhance the generality of the proposed model. Furthermore, SMOTE may
not be accurate for rare blood disorders that branch off from thalassemia. Costs should consider
and factored into future research, especially in low-resource environments. The core limitation is
outlined:

Limits and What Comes Next

1. External Validation. Though time, based testing happened, results from other hospitals or
varied groups haven’t been included yet. Moving ahead, trying the model across several
centers would help show how widely it might apply.

2. Data Sources, due to one source only for data collection, results might not fit groups elsewhere
with other gene types or thalassemia forms. To help efix that gap, work with teams across
countries will start soon.
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3. Clinical implementation, fitting into existing medical software, giving instant results when
needed, or matching how doctors normally do their jobs. Another angle worth looking at
later involves studying just how well it fits into daily hospital routines. How systems connect
matters more than we first thought. Later studies could dig into these operational gaps instead
of stopping at theory. Matching tools to real settings takes time, effort, and attention.

8. BROADER IMPACT

This study offers a combination of immediate practical benefits for both clinicians and machine
learning model developers, as well as providing important methodological insights:

For clinicians:

1. The study indicates that the use of artificial intelligence is essential for achieving highly
accurate diagnoses.

2. This study provides a reasonable set of interpretable risk factors that are consistent with clinical
knowledge

3. The use of more than one model provides multiple options for developers (in the medical
field), depending on the capabilities of hospitals.

For systems developers using machine learning models: SMOTE + XGBoost establishes itself as a
proven, leading approach for early detection and prediction of similar diseases. Furthermore, SHAP
has stable interpretability even after resampling.
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