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Abstract: Anemia remains a major global health concern that impairs oxygen
transport and contributes to fatigue, cognitive decline, reduced productivity, and
severe clinical complications. Although machine learning has shown promise for
automated anemia detection, multiclass classification remains challenging due to
class imbalance, overlapping hematological characteristics, and limited model
interpretability. This study proposes an explainable hybrid framework integrating
Extreme Gradient Boosting (XGBoost), SHapley Additive exPlanations (SHAP),
and Fuzzy Logic to improve anemia risk classification and clinical decision support.
The publicly available SKILICARSLAN dataset containing 15,300 anonymized
patient records across five anemia-related classes was utilized. Seven hematological
parameters, namely hemoglobin (HGB), mean corpuscular volume (MCV), mean
corpuscular hemoglobin (MCH), mean corpuscular hemoglobin concentration
(MCHC), red blood cell count (RBC), hematocrit (HCT), and ferritin, were
employed as predictive features. The workflow comprised data auditing, stratified
train—test splitting, Synthetic Minority Oversampling Technique (SMOTE),
hyperparameter optimization, multiclass XGBoost modeling, SHAP-based
explainability analysis, and fuzzy risk interpretation. Experimental results
demonstrated 82.94% accuracy, 87.27% weighted precision, 82.94% weighted
recall, and 84.78% weighted F1-score, with a mean cross-validation F1-score of
87.00%. The model further achieved a macro-average ROC-AUC of 0.81 and a
weighted-average ROC-AUC of 0.90, indicating robust discriminative performance
despite class imbalance. SHAP analysis identified HGB, ferritin, and RBC-related
variables as the most influential predictors. Moreover, the fuzzy logic layer enhanced
interpretability by translating model outputs into clinically meaningful risk levels.
These findings demonstrate the potential of explainable hybrid intelligence for
transparent and reliable anemia screening and decision-support applications.

Keywords: Anemia; Explainable Artificial Intelligence; Fuzzy Logic; Risk
Classification; SHAP; XGBoost

INTRODUCTION

Anemia is a major global public health problem because reduced hemoglobin concentration limits oxygen
transport and may cause fatigue, impaired concentration, decreased productivity, pregnancy complications, and
developmental problems. Recent global estimates show that anemia affects high-risk populations unevenly. The
World Health Organization reported that 30.7% of women aged 15-49 years had anemia in 2023, 35.5% of
pregnant women aged 15-49 years were affected in 2023, and 39.8% of children aged 6-59 months were affected
in 2019. The Global Burden of Disease 2021 study further estimated 1.92 billion anemia cases worldwide in 2021,
with large variation by age, sex, and geography ((Organization 2025; Peksi, Yuwono, and Florestiyanto 2021).

Conventional anemia screening relies on complete blood count (CBC) parameters and, when necessary,
additional biochemical tests such as ferritin, serum iron, folate, or vitamin B12. Although these laboratory markers
are clinically meaningful, automated multiclass classification remains difficult for at least three reasons. First,
anemia-related classes may be highly imbalanced, so high overall accuracy can conceal poor detection of rare but
clinically important classes. Second, hematological profiles overlap across anemia types, especially when
hemoglobin, MCV, MCH, or ferritin values are near borderline ranges. Third, medical users need transparent
explanations because a black-box prediction alone is insufficient for clinical decision support.
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Recent studies have applied machine-learning models, including ensemble learning and explainable artificial
intelligence (XAI), to anemia prediction. However, several gaps remain. Many studies report accuracy as the main
indicator, while macro F1-score, class-wise recall, ROC-AUC, and false-negative risk are less emphasized. In
addition, XAI is often limited to feature ranking, and fuzzy logic is sometimes introduced without explicit
membership functions, rule bases, inference mechanisms, or quantitative evaluation. This study therefore focuses
on a more cautious and reproducible framework: XGBoost is used for multiclass prediction, SHAP is used to
explain global and local feature contributions, and fuzzy logic is used only as a post-hoc risk-interpretation layer
for continuous hematological uncertainty.

The objective of this study is not to claim that the model is clinically definitive or universally superior. Instead,
the study aims to evaluate whether a combined XGBoost-SHAP-fuzzy framework can provide transparent anemia
risk classification while honestly reporting the limitations caused by severe class imbalance. The contributions are:
(1) a clarified public dataset description and ethical statement, (2) stratified 80:20 experimental design with
training-set SMOTE, (3) baseline model comparison, (4) multiclass ROC-AUC and macro/weighted metrics, (5)
detailed fuzzy membership functions and rules, and (6) a critical discussion of minority-class failure and clinical
implications.

LITERATURE REVIEW

CBC-based anemia classification has attracted attention because routine blood parameters provide low-cost
and widely available information. The SKILICARSLAN dataset was originally used for nutritional anemia disease
classification and contains five anemia-related classes, making it suitable for evaluating both multiclass learning
and imbalance-related limitations (KILICARSLAN, CELIK, and SAHIN 2021). More recent studies have
extended this direction by using machine learning and XAI for anemia or iron-deficiency anemia prediction.
(Pullakhandam and McRoy 2024), for example, focused on classifying iron-deficiency anemia from CBC data and
emphasized explanation of model behavior. (Farooq et al. 2025) proposed a transparent anemia prediction
approach empowered by XAI, while (Darshan et al. 2025) investigated ensemble learning and explainability for
hemoglobin-related anemia prediction.

The literature suggests that XGBoost is appropriate for tabular medical data because boosted decision trees can
model non-linear relationships and feature interactions without assuming linear effects (Alfa et al. 2025).
Nevertheless, XGBoost alone does not solve clinical interpretability or uncertainty. SHAP helps quantify feature
contributions, but SHAP outputs still require clinical interpretation and should not be treated as causal
evidence(Assegie, Sushma, and Mamanazarovna 2023). Fuzzy logic is relevant because it represents gradual
transitions between normal, borderline, and abnormal laboratory values; however, fuzzy systems must be reported
with explicit membership functions, rules, inference, and defuzzification to be scientifically reproducible(Cao et
al. 2024; Saatchi 2024; Yugiantoro et al. 2025)

For imbalanced multiclass medical datasets, metric selection is critical. Accuracy and weighted F1-score can
be dominated by large classes, while macro Fl-score exposes whether each class is handled more equally.
Therefore, this study reports accuracy, class-wise precision/recall/F1, macro and weighted averages, confusion
matrix, and multiclass ROC-AUC. This decision follows recent discussions on the evaluation of imbalanced
medical datasets and the importance of interpreting different F1 variants rather than relying on one global
score.(Airlangga 2024; Teja and Rayalu 2025)
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METHOD

Research Flow

The research workflow in this study began with problem identification related to the need for accurate and
transparent anemia detection. This was followed by a literature review on machine learning, XGBoost, SHAP, and
Fuzzy Logic. An anemia dataset based on hematological parameters was then collected and preprocessed through
data cleaning, normalization, and dataset splitting into training and testing data, as illustrated in Fig. 1.

The model was trained using XGBoost because of its strong performance in medical data classification
(Darshan et al. 2025). The prediction results were interpreted using SHAP to explain the contribution of each
feature and improve model transparency (Open et al. 2024). Subsequently, the prediction outputs and SHAP
interpretations were integrated into a Fuzzy Logic Decision-Making system to classify anemia risk into low,
moderate, and high-risk categories. Finally, the proposed hybrid model was evaluated using accuracy, precision,
recall, F1-score, and ROC-AUC metrics to measure its effectiveness and reliability in anemia detection and risk

classification.
Problem Literature . Dataset ’ Data . Tralming
[ Identification ] [ Review ] [ Colloction ] [ Proprocessing ] [ XGBoos Modal ]
SHAP Fuzzy Loglc Model Rosults and
Intecpretatson Decision Making Evaluaton Concluson

Fig. 1 Research Flowchart

Dataset and Ethical Statement

This study used the public SKILICARSLAN anemia dataset, distributed through Mendeley Data and also
available on Kaggle. The original dataset was obtained from the Faculty of Medicine, Tokat Gaziosmanpasa
University, Turkey, and contains CBC records from 15,300 patients collected between 2013 and 2018. The source
description states that pregnant women, children, and patients with cancer were excluded, and that the dataset
contains 10,379 female and 4,921 male records. The target variable All_Class consists of five categories: Class 0
(no anemia), Class 1 (HGB-anemia), Class 2 (iron deficiency), Class 3 (folate deficiency), and Class 4 (B12
deficiency). Because this research used publicly available anonymized secondary data and did not involve direct
patient contact or identifiable patient information, no new informed consent procedure was conducted in this
secondary analysis. However, any future clinical deployment should be reviewed by an institutional ethics
committee and validated prospectively.

Table 2.
Target-class distribution in the full dataset.
Class Clinical label Records Percentage
0 No anemia 9747 63.7100
1 HGB-anemia 1019 6.6600
2 Iron deficiency anemia 4182 27.3300
3 Folate deficiency anemia 153 1.0000
4 B12 deficiency anemia 199 1.3000
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Fig. 2 Severe class imbalance in the All Class target variable.

Variables and preprocessing

Seven clinically relevant hematological features were selected: HGB, MCV, MCH, MCHC, RBC, HCT, and
FERRITTE. These variables represent hemoglobin concentration, red blood cell morphology, red blood cell count,
hematocrit proportion, and iron-storage status. Records were audited for missing values and duplicates. The dataset
was split using stratified 80:20 sampling so that each class was represented proportionally in both training and
testing sets. SMOTE was applied only to the training data to avoid information leakage from the test set.

Table 3 Stratified split and SMOTE distribution

Class Clinical label Train before Test Train after
SMOTE SMOTE

0 No anemia 7798 1949 7798

1 HGB-anemia 815 204 7798

2 ron deficiency 3346 836 7798
anemia

3 Folate deﬁ.mency 122 31 7798
anemia

4 B12 deficiency 159 40 7798
anemia

Stratified Split and SMOTE Distribution
8000
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. Test
= Train after SMOTE
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Number of sampies
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Fig. 3 Training, testing, and post-SMOTE class distribution.

XGBoost Model and Baseline Comparison

XGBoost was used as the main classifier because boosted decision-tree ensembles are well suited for
nonlinear tabular data and can be interpreted using tree-based explanation methods. The tuned configuration used
n_estimators=500, max_depth=8, learning_rate=0.05, subsample=0.70, colsample bytree=1.00, gamma=0.20,
min_child weight=3, reg_alpha=0.01, and reg_lambda=2. To avoid unsupported superiority claims, XGBoost was
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compared with Logistic Regression, Linear SVM, KNN, Random Forest, and Gaussian Naive Bayes under the
same train-test split and SMOTE training set.
Table 4 Baseline comparison using the same stratified split and SMOTE training data.
Model Accuracy Weighted Weighted Weighted Macro Macro Macro Training
Precision Recall F1 Precision  Recall F1 Time (s)
Random

Forest 0.8199 0.8762 0.8199 0.8428 0.4618 0.5107  0.4655 3.8626
XGBoost 0.8245 0.8656 0.8245 0.8423 0.4491 0.4787  0.4509 9.1073

Iéi{‘,i‘;‘[r 0.7846 0.8135 0.7846 0.7954 03773 05190 0.3947  0.2742
KNN 0.7507 0.8557 0.7507 0.7942 04204 04571 04064  0.0416
Rt;geissggn 0.7611 0.8328 0.7611 0.7912 04172 05020 0.4092  2.1019
Gal‘;s];ian 0.7542 0.8296 0.7542 0.7859 04070 04782 0.3932  0.0103
SHAP Implementation

SHAP was implemented using TreeExplainer for the trained XGBoost model. Global interpretation was
calculated using mean absolute SHAP values across a sample of test records, while local SHAP explanations can
be generated for individual patients to show which laboratory features push a prediction toward or away from a
specific class. SHAP outputs were interpreted as model-level associations, not as causal medical evidence.

Fuzzy Logic Risk-Interpretation Layer

Fuzzy logic was implemented after XGBoost prediction as a risk-interpretation layer, not as a replacement
classifier. The fuzzy system used HGB, FERRITTE, and MCV because these variables represent anemia status,
iron-related status, and red blood cell morphology. The inputs were transformed into fuzzy sets using triangular
and trapezoidal membership functions. Mamdani-style min-max inference was used, and the final risk score was
obtained through a weighted centroid approximation: risk score = (25*mu low + 55*mu_moderate +
85*mu_high)/(mu_low + mu_moderate + mu_high). Scores below 40 were labeled low risk, scores from 40 to
below 70 were labeled moderate risk, and scores of 70 or above were labeled high risk.

Table 5 Fuzzy Rule Base

Rule Antecedent Consequence
R1 HGB is low AND FERRITTE is low High risk
R2 HGB is low AND MCYV is microcytic High risk
R3 HGB is low AND MCYV is macrocytic High risk
R4 HGB is low AND FERRITTE is not normal High risk
RS HGB is borderline AND FERRITTE is low Moderate risk
R6 HGB is borderline AND MCYV is microcytic Moderate risk
R7 HGB is borderline AND FERRITTE is borderline Moderate risk
RS HGB is low AND FERRITTE is normal Moderate risk
R9 HGB is normal AND FERRITTE is low Moderate risk
R10 HGB is normal AND FERRITTE is normal Low risk
R11 HGB is normal AND MCYV is normal Low risk

Fuzzy Membership Function for HGB

Low
Bordettine
Normal

6 8 10 12 14 16 18

Fig. 4 Fuzzy Membership function for HGB
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RESULT

Overview of the Research Results

This study developed an Explainable Hybrid XGBoost-Fuzzy Logic Model for accurate anemia detection and
risk classification. The proposed model was designed to classify anemia risk using clinically relevant
hematological parameters, including hemoglobin (Hb), mean corpuscular volume (MCV), mean corpuscular
hemoglobin (MCH), mean corpuscular hemoglobin concentration (MCHC), red blood cell count (RBC),
hematocrit (HCT), and serum iron or ferritin-related indicators. These features were selected because they
represent essential laboratory markers commonly associated with anemia screening, diagnosis, and severity
assessment. The main contribution of this research lies in the integration of XGBoost, fuzzy logic, and explainable
artificial intelligence (XAI) in a single predictive framework. XGBoost was used as the primary classification
algorithm because of its strong ability to handle nonlinear relationships, feature interactions, and complex patterns
in medical datasets. Meanwhile, fuzzy logic was incorporated to provide more flexible risk interpretation,
especially because anemia diagnosis often involves borderline values that cannot always be explained through
rigid class boundaries (Allahverdi and others 2021). This approach differs from many previous studies that only
focused on achieving high classification accuracy. In contrast, the present study emphasizes not only predictive
performance but also model transparency, clinical interpretability, and risk-based decision support. This is
consistent with recent studies that highlight the importance of explainable machine learning in medical prediction
systems, particularly when model outputs are intended to support clinical decision-making (Raihan et al. 2023)

Dataset Characteristics and Selected Features

The dataset used in this study consisted of 15,300 patient records with 29 initial attributes. After feature
selection and clinical consideration, seven hematological features were selected as the main input variables. These
variables were Hb, MCV, MCH, MCHC, RBC, HCT, and Ferritin/Serum Iron (SI). The target variable used in this
study was All_Class, which represents the anemia risk category. The use of these features strengthens the clinical
relevance of the model. Hemoglobin is widely recognized as the primary indicator of anemia, while MCV, MCH,
and MCHC provide information about red blood cell size and hemoglobin content. RBC and HCT reflect the
overall red blood cell profile, whereas ferritin or serum iron indicators help identify iron-related anemia conditions.
Therefore, the selected features allow the model to learn not only general anemia patterns but also possible
variations in anemia risk.

Table 6
Selected Features Used in the Model

Feature Clinical Meaning

Hb Main indicator of anemia status

MCV Average volume of red blood cells

MCH Average hemoglobin amount per red blood cell
MCHC  Hemoglobin concentration in red blood cells
RBC Red blood cell count

HCT Proportion of red blood cells in blood volume
Ferritin/SI Indicator of iron storage or iron status

The selection of these features is in line with previous studies that used complete blood count and hematological
markers for anemia prediction. (Pullakhandam and Mcroy 2024) for example, demonstrated that CBC-based
variables can be useful for iron deficiency anemia classification when supported by explainable machine learning
techniques. Similarly, (Raihan et al. 2023). emphasized the value of hematological data for automated anemia
classification.

Data Preprocessing Results

Before model training, several preprocessing steps were conducted to improve data quality. First, duplicate
data were removed to prevent repeated records from influencing the learning process. Second, missing values in
numerical features were handled using imputation. Third, the target class was encoded into numerical form so that
it could be processed by the machine learning algorithm. Fourth, feature scaling was applied to ensure that all
numerical variables were transformed into a comparable scale. The dataset was then divided into training and
testing sets using an 80:20 split. As a result, 12,240 records were used for training and 3,060 records were used
for testing. Because the distribution of anemia classes was imbalanced, Synthetic Minority Oversampling
Technique (SMOTE) was applied to the training data. After applying SMOTE, each class contained 7,798 samples,
which helped reduce the dominance of the majority class during model training.

Class imbalance is a common issue in medical datasets. Without proper handling, the model may perform well
on the dominant class but fail to identify minority risk categories (Liu et al. 2026). Therefore, the use of SMOTE
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in this study is important because it improves the opportunity for the model to learn patterns from underrepresented
anemia classes (Yang and Guan 2022). This strategy is also supported by previous anemia classification studies
that identified imbalance as a major challenge in predictive modeling (Airlangga 2024; Kasthuri, Subbulakshmi,
and Sreedharan 2024)

XGBoost Model Development

The main predictive model in this study was developed using XGBoost multiclass classification. XGBoost was
selected because it is an advanced ensemble learning algorithm based on gradient boosting (Assegie, Sushma, and
Mamanazarovna 2023). It is capable of combining multiple weak learners into a strong predictive model and is
widely used in healthcare prediction because of its high accuracy and robustness. In this research, the model used
the multi: softprob objective function. This configuration enables the model to generate class probabilities rather
than only producing a final class label. This is an important advantage because probability outputs can be used to
calculate confidence scores and can also support fuzzy-based risk interpretation. Hyperparameter tuning was
carried out using RandomizedSearchCV with 5-fold cross-validation. The optimization process used the weighted
F1-score as the main evaluation metric because the dataset involved multiple classes and class imbalance. The best
parameters obtained from the tuning process are shown in Table 7.

Table 7
Best Hyperparameters of the XGBoost Model

Parameter Best Value
n_estimators 500
max_depth 8
learning_rate 0.05
subsample 0.70
colsample bytree 1.00
gamma 0.20
min_child weight 3
reg_alpha 0.01
reg_lambda 2

The use of hyperparameter tuning makes this model stronger than a basic XGBoost model. Instead of relying
on default settings, the model was optimized to improve generalization and reduce the risk of overfitting. This is
one of the strengths of the proposed research because many simple classification studies only compare baseline
models without performing deeper model optimization.

Classification Report Analysis

The detailed classification report is shown in Table 8.
Table 8
Classification Report of the XGBoost Model

Class Precision Recall F1-score Support
0.96 094 095 1,949
0.35 045 0.39 204
0.86 0.71 0.77 836
0.08 026 0.13 31

0.07 0.17 0.10 40
Accuracy 0.83 3,060
Macro Average  0.46 0.51 047 3,060
Weighted Average 0.87 0.83 0.85 3,060

AW N = O

The model performed very well in Class 0 and Class 2, as shown by the high F1-scores of 0.95 and 0.77.
However, the performance in Classes 3 and 4 was still low because these classes had very limited samples. This
shows that minority class classification remains a challenge, even after applying SMOTE. This limitation supports
the need for fuzzy logic in the proposed framework. Fuzzy logic can help interpret uncertain or borderline cases
by providing risk-based outputs rather than relying only on rigid class labels.
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Model Evaluation Results
The final model was evaluated using testing data consisting of 3,060 records. The evaluation metrics included
accuracy, precision, recall, F1-score, and cross-validation score. The results are presented in Table 9.

Table 9
Model Evaluation Results

Evaluation Metric Result
Accuracy 0.8294
Weighted Precision 0.8727
Weighted Recall 0.8294
Weighted F1-score 0.8478

Mean Cross-Validation F1-score 0.8700

The model achieved an accuracy of 82.94%, weighted precision of 87.27%, weighted recall of 82.94%, and
weighted F1-score of 84.78%. The mean cross-validation F1-score of 87.00% indicates that the model had stable
performance during validation. Although some previous studies reported higher accuracy, the proposed model
offers broader advantages because it combines prediction capability, confidence scoring, feature explanation, and
fuzzy risk interpretation. Therefore, the model is more suitable for clinical decision-support systems where
interpretability and flexibility are important.

Confusion Matrix Analysis

The confusion matrix of the XGBoost model is shown in Figure 5. The matrix illustrates the classification
performance across all five classes.
Confusion Matrix

Qm 26 231 21 750
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-4 92 50 26 22
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E ~ - 52 110 880 35 4 1000
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Fig. 5 Confusion Matrix of the XGBoost Model

Based on the confusion matrix, the model successfully classified most samples in Class 0 and Class 2.
Specifically, Class 0 achieved 1,841 correct predictions, while Class 2 achieved 590 correct predictions. However,
misclassifications were still frequently observed in minority classes such as Class 1, Class 3, and Class 4. The
confusion matrix also shows that many samples from Class 1 and Class 2 were incorrectly predicted as neighboring
classes, indicating overlap between anemia severity levels. This condition is common in hematological datasets
because several blood parameters may have borderline values. In addition, Classes 3 and 4 contained very limited
samples, causing the model to struggle in learning representative patterns despite the application of SMOTE
balancing techniques.

These findings indicate that class imbalance remains one of the main challenges in multi-class anemia
classification. Therefore, the integration of fuzzy logic becomes important because it allows gradual risk
interpretation instead of strict class boundaries.

SHAP Interaction Analysis
The SHAP interaction summary plot is presented in Figure 6. This visualization illustrates the interaction
effects among the most influential hematological features used by the XGBoost model.
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Fig. 6 SHAP Interaction Summary Plot

The SHAP interaction analysis demonstrates how combinations of hematological variables jointly influence
anemia prediction. Positive SHAP interaction values indicate that the interaction between two features increases
the predicted anemia risk, while negative values decrease the prediction score. The results show that HGB had the
strongest interaction effects with almost all other features, particularly with MCHC and RBC. In addition, MCHC
and RBC also exhibited substantial interaction patterns, indicating that red blood cell morphology strongly
contributes to the classification decisions. The distribution spread of red and blue points suggests that both high
and low feature values significantly affect prediction outcomes depending on the interacting variable. Furthermore,
strong interaction patterns among HGB, MCV, and MCH indicate that the model successfully captured clinically
meaningful relationships associated with anemia severity and red blood cell characteristics. These findings
strengthen the interpretability of the proposed model because the SHAP visualization explains not only the
importance of individual features but also the relationships among hematological parameters, making the
prediction process more transparent and clinically understandable

Feature Importance Results
The feature importance analysis was conducted to identify which hematological variables contributed most to
the model prediction. The result is presented in Table 10.

Table 10
Feature Importance Ranking

Rank Feature Importance Score
HGB 0.3431
Ferritin/SI 0.1908
RBC 0.1062
MCH 0.1006
MCV 0.0902
HCT 0.0878
MCHC  0.0813
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Figure 7 Feature Importance Plot

The feature importance plot in Figure 7 visually confirms that HGB was the most influential variable in the
XGBoost model, followed by FERRITTE and RBC. Features related to red blood cell morphology such as MCH,
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MCV, HCT, and MCHC also contributed significantly to the prediction process. The most influential feature in
the model was HGB, with an importance score of 0.3431. This result is clinically reasonable because hemoglobin
is the primary laboratory parameter used to determine anemia status. A decrease in hemoglobin level is directly
associated with reduced oxygen-carrying capacity in the blood, which is one of the major characteristics of anemia.

The second most important feature was Ferritin/SI (FERRITTE), with an importance score of 0.1908. This
finding indicates that the model did not rely solely on hemoglobin concentration but also considered iron-related
biomarkers. Since iron deficiency is one of the most common causes of anemia, the inclusion of ferritin-related
parameters improved the clinical sensitivity of the model. Other important features such as RBC, MCH, MCV,
HCT, and MCHC also contributed significantly to the prediction process. These variables represent red blood cell
morphology, hemoglobin distribution, and hematocrit concentration, all of which are important indicators in
hematological examination. The feature importance results support the clinical validity of the proposed model
because the identified influential variables are consistent with established hematological knowledge and anemia
diagnostic practices.

ROC-AUC Analysis

The Receiver Operating Characteristic Area Under the Curve (ROC-AUC) analysis was conducted to evaluate
the discriminative capability of the proposed XGBoost model across all anemia categories. Unlike accuracy and
F1-score, ROC-AUC measures the model’s ability to distinguish between classes across different classification
thresholds, making it particularly useful for imbalanced medical datasets. As illustrated in Figure 8, the one-vs-
rest ROC curves demonstrate substantial variation in discrimination performance among the five anemia classes.

Sulth-Clasa HOC Curves (Ome-vs-Rost| - XGlioost Modet
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Figure 8 ROC-AUC curves for the five-class anemia using the XGBoost Model (one vs rest approach).

Figure 8 shows that Class 0 (No Anemia) achieved the highest ROC-AUC value of 0.97, indicating excellent
separability from all other classes. This result suggests that the hematological features used in the study,
particularly HGB, RBC, and Ferritin, provide highly distinctive patterns for identifying non-anemic individuals.
Similarly, Class 2 (Iron Deficiency Anemia) achieved an ROC-AUC of 0.91, reflecting strong classification
capability and confirming the importance of iron-related biomarkers in differentiating iron-deficiency cases from
other anemia types. These findings are consistent with the SHAP feature importance analysis, where HGB and
Ferritin emerged as the dominant predictors influencing model decisions.

In contrast, the minority classes demonstrated lower ROC-AUC values. Class 1 (HGB Anemia) achieved an
ROC-AUC of 0.78, while Class 3 (Folate Deficiency Anemia) and Class 4 (Vitamin B12 Deficiency Anemia)
achieved ROC-AUC values of 0.72 and 0.69, respectively. The reduced performance observed in these classes is
likely attributable to two factors. First, the severe imbalance in the original dataset limited the availability of
representative training samples. Second, the hematological characteristics of folate-deficiency and vitamin B12-
deficiency anemia frequently overlap with other anemia categories, creating ambiguous decision boundaries.
Consequently, the model experienced greater difficulty distinguishing these clinically related conditions. From an
overall perspective, the model achieved a macro-average ROC-AUC of 0.81 and a weighted-average ROC-AUC
of 0.90, indicating good to excellent discrimination performance across the entire dataset. The difference between
macro and weighted averages highlights the influence of class imbalance, where majority classes contributed more
strongly to the weighted metric. Nevertheless, both values remain substantially above the random-classification
baseline (AUC = 0.50), demonstrating that the proposed XGBoost framework successfully captured meaningful
hematological patterns associated with anemia risk classification.

The ROC-AUC results further support the suitability of the proposed framework for clinical screening
applications. Although performance for rare anemia categories remains limited, the high discriminative capability
observed for the major classes suggests that the model can effectively identify patients requiring further
hematological evaluation. Therefore, the ROC-AUC analysis confirms that the integration of XGBoost, SHAP
explainability, and fuzzy risk interpretation provides a robust and clinically meaningful approach for anemia risk
assessment. Figure 8. Multi-class ROC-AUC curves (one-vs-rest) of the proposed XGBoost model for anemia risk

*name of corresponding author

This is anCreative Commons License This work is licensed under a Creative
BY WC Commons Attribution-NonCommercial 4.0 International License. 1482


https://doi.org/10.33395/sinkron.v10i3.16216

. Sinkron : Jurnal dan Penelitian Teknik Informatika
S m kron Volume 10, Number 3, July 2026 e-ISSN : 2541-2019
- <R DOI : https://doi.org/10.33395/sinkron.v10i3.16216 p-ISSN : 2541-044X

classification. The model achieved excellent discrimination for No Anemia (AUC = 0.97) and Iron Deficiency
Anemia (AUC = 0.91), while moderate performance was observed for Folate Deficiency Anemia (AUC = 0.72)
and Vitamin B12 Deficiency Anemia (AUC = 0.69). The overall macro-average and weighted-average ROC-AUC
values were 0.81 and 0.90, respectively, indicating strong discriminative capability despite severe class imbalance.

Role of Fuzzy Logic in Risk Classification

Fuzzy logic was added to improve the interpretation of anemia risk. Unlike conventional classification models
that assign patients into fixed categories, fuzzy logic allows gradual risk interpretation (Kumar et al. 2024). This
is useful because anemia indicators often exist in borderline conditions.
For example, a patient may have slightly low Hb, borderline MCV, and uncertain iron status. In such cases, fuzzy
logic can classify the condition into risk levels such as low risk, moderate risk, or high risk. This makes the model
output easier to understand and more relevant for clinical screening. The use of fuzzy logic also strengthens the
novelty of this study. Previous studies have shown that fuzzy-based approaches are useful for handling uncertainty
in hematological and anemia-related classification problems (Airlangga 2024; Yugiantoro et al. 2025).
Advantages Compared with Previous Studies

Compared with previous anemia classification studies, the proposed model has several advantages. First, it
uses XGBoost with hyperparameter tuning, making it stronger than a basic baseline model. Second, it applies
SMOTE to reduce class imbalance. Third, it integrates SHAP explainability, allowing users to understand which
features influence the prediction. Fourth, it adds fuzzy logic, which provides more flexible and clinically
interpretable risk classification.

Table 11
Comparison with Previous Studies
Study Method Main Focus Difference from This Study
Saputra et al. (2023) fﬁi;ri?lz Learning Anemia diagnosis Did not include fuzzy risk interpretation
Pullakhandam & . . .
McRoy (2024) ML + SHAP Iron deficiency anemia Focused mainly on IDA
Airlangga (2024) Hybrid ensemble CBC-based anemia Less focused on fuzzy reasoning

classification

Hematological disease  Not specifically XGBoost-based anemia

Ameen et al. (2024) Fuzzy logic + ML classification risk classification

Amalia & Rumini

(2025) XGBoost + SHAP Anemia classification ~ Did not integrate fuzzy logic

Combines  prediction, explanation,
confidence score, and fuzzy risk
interpretation

Hybrid XGBoost— Anemia detection and

This study Fuzzy Logic + SHAP risk classification

The novelty of this study is not only in using XGBoost, but in combining optimized machine learning,
explainability, confidence scoring, and fuzzy logic into one anemia risk classification framework.

DISCUSSIONS

Limitations and Future Work

Although the proposed XGBoost-SHAP-Fuzzy Logic framework achieved satisfactory overall performance,
several limitations remain. The most significant challenge is the severe class imbalance present in the dataset.
While the model achieved high performance for the majority classes, particularly Class 0 (No Anemia) and Class
2 (Iron Deficiency Anemia), the minority classes representing Folate Deficiency Anemia (Class 3) and Vitamin
B12 Deficiency Anemia (Class 4) showed substantially lower precision, recall, and F1-scores. This limitation
persisted despite the application of SMOTE, indicating that synthetic oversampling alone was insufficient to fully
capture the biological variability and complex hematological patterns associated with rare anemia categories.
Consequently, the relatively low macro F1-score demonstrates that the model performance remains uneven across
classes.

Another limitation concerns the potential clinical impact of false-negative predictions. In medical screening
applications, incorrectly classifying an anemic patient as non-anemic may delay further laboratory testing,
nutritional intervention, or specialist referral. This issue is particularly important for folate-deficiency and vitamin
B12-deficiency anemia, where prolonged undetected deficiencies may contribute to neurological and systemic
complications. Furthermore, the study relied on a single public dataset originating from one institution and
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geographic region, which may limit the generalizability of the findings to populations with different demographic,
nutritional, or clinical characteristics.

Future research should focus on improving minority-class recognition through advanced imbalance-learning
techniques such as focal loss, cost-sensitive boosting, adaptive synthetic sampling, or ensemble-based approaches
specifically designed for rare-class detection. External validation using multicenter datasets from different
hospitals and populations is also necessary to evaluate model robustness and generalizability. In addition, the fuzzy
rule base should be refined and validated by hematology experts to ensure clinical consistency and reliability.
Future studies may also investigate prospective deployment within real clinical environments and assess physician
acceptance of explainable artificial intelligence outputs in routine anemia screening workflows.

Discussion Summary

The findings demonstrate that the proposed framework successfully combines predictive modeling,
explainability, and risk interpretation within a single anemia classification system. The XGBoost model achieved
an accuracy of 82.94%, weighted precision of 87.27%, weighted recall of 82.94%, weighted F1-score of 84.78%,
and a mean cross-validation F1-score of 87.00%, indicating stable performance across validation folds. In addition,
the model achieved strong discrimination for the dominant anemia categories while maintaining acceptable overall
predictive capability in a highly imbalanced multiclass setting. These results confirm the suitability of gradient-
boosting techniques for learning complex nonlinear relationships from hematological data.

The explainability analysis revealed that HGB was the most influential predictor, followed by Ferritin/SI,
RBC, MCH, MCV, HCT, and MCHC. This ranking is clinically consistent because hemoglobin concentration
represents the primary diagnostic indicator of anemia, while ferritin reflects iron storage status and red blood cell
indices characterize morphological changes associated with different anemia types. SHAP interaction analysis
further demonstrated meaningful relationships among HGB, RBC, MCV, and MCHC, suggesting that the model
captured clinically relevant hematological patterns rather than relying on isolated variables. These findings
strengthen confidence in the model’s decision-making process and improve transparency for clinical users.
From a practical perspective, the proposed framework has potential as a clinical decision-support and screening
tool rather than a stand-alone diagnostic system. Because the model relies on routinely available complete blood
count and ferritin-related parameters, it can be integrated into laboratory information systems with minimal
additional infrastructure.. Moreover, the computational requirements of XGBoost inference and fuzzy reasoning
remain relatively low after training, making near real-time implementation feasible in primary healthcare facilities,
including resource-limited and rural healthcare settings.

CONCLUSION

This study evaluated an explainable hybrid framework that integrates XGBoost, SHAP, and fuzzy logic for
multiclass anemia risk classification using hematological parameters. The results demonstrate that the proposed
approach is capable of providing reliable predictive performance while maintaining model transparency and
clinically interpretable risk assessment. The model achieved 82.94% accuracy, 84.78% weighted F1-score, and a
macro ROC-AUC of 0.81, indicating good discriminative ability despite the presence of substantial class
imbalance. SHAP analysis identified HGB, Ferritin, and RBC-related features as the most influential predictors,
confirming their clinical relevance in anemia assessment. Furthermore, the fuzzy logic layer enhanced risk
communication by translating model outputs into interpretable risk levels for borderline cases.

The main contribution of this research lies in the integration of predictive modeling, explainable artificial
intelligence, and fuzzy risk interpretation within a unified framework for anemia screening. Nevertheless,
performance on minority classes remained limited, highlighting the challenges posed by severe class imbalance
and overlapping hematological characteristics among anemia subtypes. Therefore, the proposed framework should
be considered a clinical decision-support and screening tool rather than a stand-alone diagnostic system. Future
research should focus on multicenter external validation, advanced imbalance-learning strategies, and expert-
driven refinement of fuzzy rules to improve minority-class detection, clinical reliability, and real-world
applicability.
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