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Anemia is a global health problem affecting approximately 1.92 billion 

people, or 24% of the population, according to the WHO. Accurate early 

detection is crucial for data-driven healthcare. This study evaluates two 

machine learning algorithms, Gaussian Naive Bayes (GNB) and Random 

Forest (RF). The classification is based on four key hematological parameters: 

Hemoglobin (Hb), Mean Corpuscular Volume (MCV), Mean Corpuscular 

Hemoglobin (MCH), and Mean Corpuscular Hemoglobin Concentration 

(MCHC). GNB relies on Bayes' Theorem with Gaussian distribution 

assumptions, whereas RF is a decision-tree-based ensemble method capable 

of capturing non-linear patterns without specific distributional assumptions. 

Evaluated using 5-fold cross-validation and standard metrics (accuracy, 

precision, recall, F1-score), results showed that RF outperformed GNB. RF 

achieved 94.2% accuracy (CV 94.9% ± 1.1%), compared to GNB's 90.5% (CV 

90.1% ± 1.3%). RF feature importance confirmed Hb as the dominant 

predictor (score 0.562), aligning with its strong correlation to anemia (r = 

−0.80). Although not surpassing larger-scale studies, these results remain 

highly competitive. Ultimately, this research provides evidence to support the 

development of automated, data-driven clinical decision support systems for 

anemia detection. 

 

  

1. INTRODUCTION 

Anemia is a global health problem that 

remains a major concern due to its high 

prevalence in various countries, especially in 

developing nations [1]. According to the latest 

report by the World Health Organization 

(WHO), approximately 1.92 billion people 

worldwide suffer from anemia, with the greatest 

burden borne by reproductive-age women and 

children [2], [3]. Anemia occurs when 

hemoglobin levels in the blood fall below 

normal values, impairing the blood's ability to 

transport oxygen throughout the body [1]. This 

condition can cause various impacts such as 

fatigue, decreased concentration, impaired 

cognitive development, and an increased risk of 

complications in pregnant women and children 

[1]. 

Clinical diagnosis of anemia is generally 

performed through laboratory examinations by 

analyzing four main hematological parameters: 

(1) Hemoglobin (Hb), the oxygen-carrying 

protein in erythrocytes with normal values of 

12–16 g/dL in women and 13.5–17.5 g/dL in 

men; (2) Mean Corpuscular Volume (MCV), 

which reflects the average volume of 

erythrocytes in femtoliters (fL) with a normal 

range of 80–100 fL; (3) Mean Corpuscular 
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Hemoglobin (MCH), which represents the 

average hemoglobin mass per erythrocyte with 

a normal value of 27–33 pg; and (4) Mean 

Corpuscular Hemoglobin Concentration 

(MCHC), which represents the average 

concentration of hemoglobin per unit volume of 

erythrocytes with a normal value of 32–36 g/dL. 

The combination of these four parameters forms 

a hematological profile that can distinguish 

types of clinical anemia. It has been widely used 

as input features in various machine learning-

based anemia classification studies [4], [5]. 

With the development of information 

technology, the use of machine learning in 

healthcare is increasing, particularly to assist 

with automated, data-driven disease diagnosis 

[6]. Various classification algorithms have been 

applied to a range of medical diagnosis 

problems, from heart disease [7], [8] and cancer 

[9] to chronic kidney disease and diabetes [10], 

showing promising results in supporting 

clinical decision-making systems. Among these 

various algorithms, Gaussian Naive Bayes 

(GNB) and Random Forest (RF) are two of the 

most widely used approaches due to their 

complementary characteristics. 

GNB is known for its advantage in 

Gaussian-distribution-based probability 

estimation, which is computationally efficient 

and fast, making it suitable for medical datasets 

with limited dimensionality [11]. However, 

GNB has a fundamental weakness in its 

assumption of conditional independence among 

features, which is rarely met in real-world data, 

including hematological data [7], [12]. Various 

GNB variants have been proposed to mitigate 

the impact of this assumption violation, for 

instance, through attribute weighting, local 

learning, and ensemble approaches [12][13]. 

Meanwhile, Random Forest is a decision-tree-

based ensemble method that aggregates 

predictions from multiple trees via majority 

voting [10][11]. RF can naturally handle feature 

interactions, is robust to noise, does not require 

specific assumptions about the data distribution, 

and yields clinically useful feature importance 

[14], [15], [16], [17]. These characteristics have 

led to the widespread adoption of RF in various 

healthcare decision support systems [7], [10]. 

Based on these issues, this study uses an 

anemia dataset from Kaggle [18] to build and 

evaluate classification models with GNB and 

Random Forest, individually and in 

comparison. This research is expected to 

contribute to the development of decision 

support systems in healthcare, specifically for 

faster, more accurate, and efficient anemia 

detection, while simultaneously providing 

empirical evidence regarding the trade-off 

between interpretability and accuracy in both 

approaches. 

 

1.1 Research Gap 

Most previous studies in anemia 

classification have tended to use a single 

method, evaluate many algorithms 

simultaneously without an in-depth discussion 

of their respective characteristics [5], or focus 

on non-tabular data modalities such as images 

[19]. GNB offers the advantage of fast, efficient 

probability estimation. Still, its performance 

can degrade when the assumption of feature 

independence is violated, particularly in 

hematological data, where parameters (Hb, 

MCV, MCH, MCHC) are physiologically 

correlated [12], [20]. On the other hand, 

Random Forest is well-suited to capturing non-

linear patterns and feature interactions. Yet, it 

has not always been directly and systematically 

compared with GNB on the same tabular 

hematological anemia dataset, using consistent 

evaluation protocols (5-fold cross-validation, 

identical metrics) for both models. Therefore, 

this research focuses on a comprehensive 

evaluation and comparison of GNB and RF 

individually on the same anemia dataset to 

determine the strengths and weaknesses of each 

method for anemia classification based on four 

standard hematological parameters. 

 

1.2 Research Contribution 

The main contributions of this research 

can be summarized as follows: (1) 

Systematically comparing the performance 

of GNB and Random Forest on the same 

hematological anemia dataset with identical 

evaluation protocols (metrics and 5-fold 

cross-validation scheme), ensuring a fair 

comparison. (2) Presenting an integrated 

analysis of feature importance from the RF 

model and correlation analysis of 

hematological parameters to anemia status, 

confirming Hb as the dominant predictor 

consistent with hematological physiology 



 
JITET (Jurnal Informatika dan Teknik Elektro Terapan) pISSN: 2303-0577 eISSN: 2830-7062       Baik dkk 

  3480  

literature. (3) Providing a quantitative 

comparative analysis against several 

previous machine learning-based anemia 

studies, including a discussion on the 

differences in dataset characteristics that 

affect accuracy gaps. (4) Identifying 

methodological limitations (sample size, 

single data source, lack of statistical 

significance testing, and potential class 

imbalance) as a basis for recommending 

more rigorous future research. 

2. RELATED WORK 

 

Several previous studies have demonstrated 

that machine learning can be effectively used in 

disease classification, including anemia [11]. 

The Naive Bayes algorithm has proven 

effective in classifying numerical medical data; 

this probabilistic approach is well-suited to 

medical datasets because it integrates clinical 

prior information into the model [6], [21]. 

Rahman et al. [5] compared several machine 

learning and ensemble learning algorithms on 

1,000 anemia data samples with 8 attributes, 

reporting Logistic Regression as the best model 

with 95% accuracy. Mugdha et al. [4] 

developed regression and classification models 

based on CBC data from Bangabandhu Sheik 

Mujib Medical University to estimate 

hemoglobin levels and predict anemia severity. 

Chandralekha et al. [22] evaluated Random 

Forest, ExtraTrees, Gradient Boosting, 

XGBoost, and a hybrid model for anemia 

prediction, with the hybrid model achieving the 

highest accuracy of 90.83%. Other studies have 

utilized palpebral conjunctival images as non-

invasive features for anemia detection [19] 

XGBoost and LightGBM to classify anemia 

subtypes using limited, imbalanced data [23]. 

Gómez et al. [21] built an anemia classification 

system using Linear Discriminant Analysis, 

Decision Tree, and Random Forest based on 

blood count data, achieving competitive results 

for multi-class subclassification. Naïve Bayes is 

also used to predict milk quality with an 

accuracy 85% [24]. 

Random Forest has also been widely used in 

general medical data classification due to its 

ability to handle high-dimensional data, 

robustness to noise, and lack of reliance on 

distributional assumptions [14], [15]. In heart 

disease prediction, RF was reported to achieve 

90.16% accuracy using the Cleveland Heart 

Disease dataset [7]. In contrast, a comparative 

study of six algorithms (AdaBoost, Random 

Forest, Decision Tree, KNN, Naive Bayes, and 

Perceptron) on an imbalanced cardiovascular 

disease dataset showed that AdaBoost had the 

highest AUC and F1-score, with Random 

Forest being a competitive candidate [8]. 

Several other studies have consistently reported 

that Random Forest outperforms Naive Bayes 

across various imbalanced binary classification 

domains, although the performance gap varies 

with dataset characteristics [16], [17] 

Regarding the handling of class imbalance, 

which is commonly found in clinical data, 

oversampling techniques such as the Synthetic 

Minority Oversampling Technique (SMOTE) 

are widely used to balance class distributions 

before model training [25], [26]. However, the 

application of resampling techniques to medical 

data must be done with caution, as it can 

generate synthetic samples that do not reflect 

real clinical conditions. In this study, the level 

of class imbalance is considered mild 

(56.4%:43.6 %), so the models were trained 

directly on the original distribution without 

resampling. However, the evaluation still used 

minority-class-sensitive metrics, such as recall 

and F1 Score. The reliability of performance 

estimates in this study and most of the 

referenced studies above was validated using a 

k-fold cross-validation scheme, which has been 

shown to yield more stable estimates of model 

generalization than a single holdout split [27]. 

 
2.1. Gaussian Naïve Bayes 

Naive Bayes is a probabilistic classifier that 

operates by applying Bayes' Theorem. This 

algorithm relies on a strong (naive) fundamental 

assumption that every predictor feature is 

conditionally independent of the others given 

the target class. The general mathematical 

formulation of Bayes' Theorem is expressed in 

Equation (1): 

𝑃(𝐶𝑘|𝑋) =
𝑃(𝑋|𝐶𝑘). 𝑃(𝐶𝑘)

𝑃(𝑋)
                          (1) 

Where: 

P(Ck|X) = The posterior probability of class Ck 

given the input feature vector X. 

P(X | C_k) = The likelihood probability of 

feature X given that class Ck is known. 
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P(Ck) = The prior probability of class Ck. 

P(X) = The prior probability of the predictors 

(normalization constant). 

 

For continuous data (such as age or blood 

pressure in the heart disease dataset), the 

probability distribution is calculated using the 

Gaussian Naive Bayes probability density 

function, formulated in Equation (2) 

𝑃(𝑥𝑖|𝐶𝑘) =
1

√2𝜋𝜎𝑘
2

 𝑒𝑥𝑝 (−
𝑥𝑖 − 𝜇𝑘)2

2𝜋𝜎𝑘
2 )   (2) 

Where 𝜇𝑘 is the mean and 𝜎𝑘
2 is the variance of 

the feature 𝑥𝑖 associated with class Ck. 

 

2.2. Random Forest 

Random Forest is an ensemble method that 

constructs multiple decision trees during 

training and combines their predictions via 

majority voting. Each tree is trained using a 

random subset of the training data (bootstrap 

sampling) and a random subset of features, 

thereby generating inter-tree diversity that 

reduces the risk of overfitting [14]. The final 

prediction of the RF model is expressed as 

equation 3: 

𝑦̂ = 𝑚𝑜𝑑𝑒{ℎ1(𝑥), ℎ2(𝑥), … , ℎ𝑇(𝑥)}        (3) 

where 𝑦 ̂is the final predicted class label, 

ℎ1(𝑥)is the prediction of the t-th tree, and T is 

the total number of trees. Feature importance is 

calculated based on the mean decrease in Gini 

impurity (Equation 4): 

𝐼(𝑓) =
1

𝑇
∑ ∑ Δ𝐺𝑖𝑛𝑖(𝑓, 𝑣, 𝑡)𝑣

𝑇
𝑡=1                    (4) 

where I(f) is the importance of feature f, and 

Δ𝐺𝑖𝑛𝑖(𝑓, 𝑣, 𝑡)is the decrease in Gini impurity at 

node v that utilizes feature f in the t-th tree. 

The RF model was trained on the four 

original hematological parameters (Hb, MCV, 

MCH, and MCHC) as input features, with 

n_estimators = 100 and the Gini impurity 

criterion. The value of n_estimators = 100 was 

selected because it is the default setting in the 

scikit-learn library and has been shown to 

provide a good trade-off between accuracy and 

computational efficiency for medium-scale 

datasets [15]. Hyperparameter tuning (such as 

grid search or random search) was not 

performed, which constitutes one of the 

methodological limitations of this study. 
 

3. METHODOLOGY 

This study uses the Anemia Dataset from 

Kaggle, published by Biswaranjan Rao. The 

dataset comprises 1,421 patient samples 

featuring four primary hematological 

parameters: Hemoglobin (Hb), Mean 

Corpuscular Volume (MCV), Mean 

Corpuscular Hemoglobin (MCH), and Mean 

Corpuscular Hemoglobin Concentration 

(MCHC), along with a single class label 

indicating anemia status (positive/negative). 

This public dataset does not include 

comprehensive clinical metadata (such as age, 

gender, or sampling location); this limitation is 

discussed further in the study's limitations 

section. The overall research workflow 

comprises the following stages: data collection, 

data preprocessing, independent model training 

(GNB and RF), performance evaluation via 5-

fold cross-validation, and comparative analysis. 

 

3.1 Data Preprocessing 

The data preprocessing phase is a critical 

step to ensure data quality and model reliability. 

This stage encompasses three primary 

procedures: 

1. Handling Missing Values 

Missing data within each hematological 

parameter were addressed using median 

imputation. The median was selected over 

the mean because it is inherently more robust 

to outliers and skewed distributions, which 

are frequently encountered in real-world 

clinical datasets. This ensures that the central 

tendency of the data remains unaffected by 

extreme abnormal values. 

2. Data Normalization 

A Min-Max Scaling method was applied 

to transform all feature values into a 

standardized range of 0 to 1. This step is 

essential because the four hematological 

parameters possess significantly different 

units of measurement and numerical ranges 

(e.g., Hb is measured in g/dL, while MCV is 

measured in fL). Standardizing the scales 

ensures that parameters with larger 

numerical magnitudes do not 

disproportionately influence the learning 

process, particularly for distance-based or 

probabilistically sensitive algorithms. 

3. Correlation Analysis 

A statistical correlation analysis was 

conducted to assess the relationship between 
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each independent hematological parameter 

and the target class label (anemia status). 

This analysis serves as a foundational step 

for interpreting individual feature 

contributions, assessing predictive power, 

and identifying underlying physiological 

relationships before model training. 

 

Furthermore, strict methodological 

protocols were maintained to ensure the validity 

of the evaluation. The dataset was partitioned 

into training and testing subsets using an 80:20 

ratio. Crucially, the scaler-fitting process was 

performed exclusively on the training subset. 

The resulting transformation parameters were 

then applied to transform both the training and 

testing sets. This approach strictly prevents data 

leakage—the inadvertent introduction of test-

set information into the model training phase—

thereby ensuring that the model's performance 

evaluation reflects its true generalization 

capability on unseen data. 

 

3.2 Model Evaluation 

The reliability of both models was evaluated 

using accuracy, precision, recall, and F1-score, 

with an 80:20 train-test split. The models were 

further validated using 5-fold cross-validation 

to ensure generalization and mitigate bias from 

a single data split [27]. Particular attention was 

given to the recall metric due to the clinical 

context of anemia screening, where false 

negatives (undetected anemic patients) carry 

significantly higher risks and consequences 

than false positives. As a methodological note 

for future development, the performance 

comparison between models should ideally be 

accompanied by paired statistical significance 

testing (such as McNemar's test or a paired t-

test across the fold results) to ensure that the 

difference in accuracy between GNB and RF is 

not merely due to random variation. In this 

study, such statistical tests were not conducted 

and are therefore recommended for future 

research (see the Research Limitations section). 

4. RESULT AND DISCUSSION 

This section presents the experimental 

results for applying the GNB and Random 

Forest models to the Kaggle anemia dataset. 

The dataset comprises 1,421 patient records 

featuring four primary hematological 

parameters: Hb, MCV, MCH, and MCHC, 

alongside a class label indicating the anemia 

status (positive/negative). 

 

4.1 Preprocessing Data 

The anemia dataset used in this study 

exhibits an imbalanced class distribution, 

although the imbalance is considered mild. 

Based on the data distribution graph, 620 

samples are anemic (43.6%), while 801 are non-

anemic (56.4%). This imbalance ratio of 

approximately 1.29:1 is relatively moderate 

compared to other medical datasets, which 

frequently present much more extreme ratios 

[25], [26]. Nevertheless, it still warrants 

consideration to ensure that the classification 

models do not develop a bias toward the 

majority class, as shown in Figure 1 below. 

 

 
Figure 1. Dataset Distribution 

 

Figure 2 below illustrates the distribution of 

Hemoglobin (Hb) levels according to anemia 

status. Patients with anemia tend to have lower 

Hb levels than the non-anemic group, indicating 

that Hb is the most discriminative parameter for 

anemia classification. This observation aligns 

with the clinical definition of anemia, which is 

fundamentally based on Hb level thresholds.  

 
Figure 2. Distribution HB based on Anemia 

Status 
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The results of the correlation analysis between 

hematological parameters and anemia status 

reveal that Hb has the strongest negative 

correlation (r = −0.80), indicating a robust, 

dominant relationship compared with the other 

parameters. Meanwhile, the MCH (r = −0.03), 

MCV (r = −0.02), and MCHC (r = +0.05) 

parameters demonstrate very weak correlations 

with the class label. These findings are 

consistent with the clinical definition of anemia, 

which relies on Hb thresholds [20], and align 

with the feature-importance results of the RF 

model presented in the subsequent section. The 

correlation of hematological parameters to 

anemia status is shown in Figure 3.  

 
Figure 3. hematological parameters to anemia 

status 

 

4.2 Classification using Gaussian Naïve 

Bayes 

The Gaussian Naive Bayes model was 

trained on the preprocessed data using an 80% 

training set and a 20% test set. The model inputs 

consisted of the four original hematological 

parameters: Hb, MCV, MCH, and MCHC. 

Model validation was conducted using 5-fold 

cross-validation. Table 1 summarizes the 

performance evaluation results of the GNB 

model. 

 

Table 1. GNB Performance Table 

Matric Evaluation Value 

Accuracy 90,5% 

Precision 86,5% 

Recall 92,7% 

F1-Score 89,5% 

CV Accuracy (mean ± 

std) 
90,1% ± 1,3% 

 

Based on the evaluation results, the GNB 

model achieved an accuracy of 90.5% on the 

test set, with a precision of 86.5%, a recall of 

92.7%, and an F1-score of 89.5%. The mean 

cross-validation accuracy reached 90.1% 

(±1.3%), indicating the model's consistency 

across various data subsets. The high recall 

value (92.7%) demonstrates the model's strong 

capability to identify actual anemic patients 

(true positives), thereby minimizing the risk of 

missed diagnoses that could endanger 

patients—a characteristic highly relevant for 

initial clinical screening scenarios. The 

confusion matrix for GNB is shown in Figure 4 

below. 

 
Figure 4. Gaussian Naïve Bayes Confusion 

Matrix 

 

Analysis of the confusion matrix reveals that 

out of 285 test set samples, the model correctly 

classified 115 of the 124 anemia cases (true 

positives) and 143 of the 161 non-anemia cases 

(true negatives). There were 18 non-anemia 

cases incorrectly classified as anemia (false 

positives) and 9 anemia cases misclassified as 

non-anemia (false negatives). These 

misclassifications predominantly occurred in 

samples where hematological parameter values 

fell within borderline ranges. 

The primary limitation of GNB lies in its 

assumption of feature independence when 

applied to hematological data. In reality, 

parameters such as Hb, MCV, MCH, and 

MCHC are clinically correlated; therefore, this 

assumption can diminish the accuracy of 

probability estimates in borderline cases—
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aligning with the literature on the structural 

weaknesses of GNB. Nevertheless, GNB still 

delivers robust performance alongside high 

computational efficiency, making it a suitable 

candidate for initial clinical screening systems 

on devices with limited computational 

resources. 

 

4.3 Classification using Random Forest 

The Random Forest model was trained using 

the four original hematological parameters (Hb, 

MCV, MCH, and MCHC) as input features, 

shown in Figure 5, utilizing hyperparameters of 

100 trees (n_estimators = 100) and the Gini 

impurity criterion. The feature importance 

analysis of the RF model yielded the following 

results: Hb exhibited the highest feature 

importance score of 0.562, followed by MCHC 

at 0.178, MCH at 0.145, and MCV at 0.115. 

 

 
Figure 5. Feature Importance Model Random 

Forest 

 

The feature importance results confirm the 

dominance of the Hb parameter as the primary 

predictor of anemia, consistent with the 

correlation analysis findings from the 

preprocessing stage (r = −0.80) and with the 

clinical definition of anemia based on Hb 

thresholds. Although the MCV, MCH, and 

MCHC parameters contribute less, they remain 

informative because RF can capture non-linear 

interactions among them. This capability 

represents a significant advantage of RF over 

GNB when dealing with datasets that contain 

correlated features. The matrix performance 

from RF is shown in Table 2 below. 

 

Table 2. Random Forest Performance Table 

Metric Evaluation Score 

Accuracy 94,2% 

Precision 93,8% 

Recall 95,1% 

F1-Score 94,4% 

CV Accuracy (mean ± 

std) 
94,9% ± 1,1% 

 

Based on the evaluation results, the Random 

Forest model achieved an accuracy of 94.2% on 

the test set, with a precision 93.8%, a recall 

95.1%, and an F1-score 94.4%. The mean cross-

validation accuracy was 94.9% (±1.1%), 

indicating greater model consistency than GNB 

across various data subsets. The confusion 

matrix is shown in Figure 6 below. 

 

 
 

Figure 6. Random Confusion Matrix 

 

Analysis of the confusion matrix for the 

Random Forest model reveals that out of 285 

test set samples, the model correctly classified 

118 of the 124 anemia cases (true positives) and 

151 of the 161 non-anemia cases (true 

negatives). There were 10 non-anemia cases 

incorrectly classified as anemia (false positives) 

and 6 anemia cases misclassified as non-anemia 

(false negatives). Compared to GNB, RF 

demonstrated superior performance across all 

evaluation metrics. This superiority can be 

attributed to RF's ability to capture non-linear 

interactions among hematological parameters 

through its ensemble mechanism and bootstrap 

sampling. Furthermore, its inherent robustness 

to data noise yields more stable classifications, 

particularly in borderline cases that frequently 

lead to misclassifications in the GNB model. 
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4.4 Comparison of GNB and Random Forest 

Performance 

Random Forest outperformed GNB across 

all evaluation metrics. RF achieved an accuracy 

of 94.2%, which is 3.7 percentage points higher 

than GNB (90.5%). The largest margin was 

observed in precision, where RF (93.8%) 

significantly outperformed GNB (86.5%) by 

7.3 percentage points, indicating that RF is 

more accurate in classifying positive anemia 

cases while generating fewer false positives. 

Furthermore, the recall value for RF (95.1%) 

was higher than that of GNB (92.7%), 

demonstrating a superior capability in detecting 

true anemia cases. The consistency of the RF 

model was also evidenced by a lower cross-

validation standard deviation (±1.1% compared 

to ±1.3% for GNB), which descriptively 

indicates reduced inter-fold performance 

variability—although the statistical 

significance of this difference has not yet been 

formally tested. Table 3 compares the 

performance of GNB and Random Forest. 

 

Table 3. Performance comparison between 

GNB and Random Forest. 

Metric 

Evaluation 
GNB Random 

Forest 

Accuracy 90,5% 94,2% 

Precision 86,5% 93,8% 

Recall 92,7% 95,1% 

F1-Score 89,5% 94,4% 

CV Accuracy 

(mean ± std) 
90,1% ± 1,3% 94,9% ± 1,1% 

 

Nevertheless, GNB maintains distinct 

advantages in terms of computational speed and 

probabilistic interpretability. GNB can provide 

class probability estimates that can be used 

directly as diagnostic confidence indicators, 

which is highly valuable in clinical contexts that 

demand decision transparency. On the other 

hand, while RF excels in classification accuracy 

and model stability, it is inherently more of a 

"black-box" model. Consequently, its 

interpretation relies on feature importance 

scores or supplementary explainability methods 

such as SHAP. 

To contextualize the findings of this study 

within the broader literature, Table 4 

summarizes the comparison of anemia 

classification accuracy between the present 

study and several previous studies that utilized 

machine learning approaches based on 

hematological or Complete Blood Count (CBC) 

parameters. 

 

Table 4. Comparison with other researchers on 

Anemia Prediction 

Researcher Model Data Size Accuracy 

This research 

(2026) 
Random 

Forest 
1.421 sample 94,2% 

This research 

(2026) 
Gaussian 

Naive 

Bayes 

1.421 sample 90,5% 

Rahman [5] 

(2024) 
Logistic 

Regression 
1.000 sampel, 

8 atribut 
95,0% 

Chandralekha 

[22] (2024) 
Model 

Hybrid 

(ensemble) 

Data klinis 

campuran 
90,83% 

Asʿad [11] 

(2023) 
Gaussian 

Naive 

Bayes 

Dataset medis 

umum 
92,3% 

 

This comparison indicates that the two 

models proposed in this study yield competitive 

results, although they have not yet achieved the 

highest performance across all benchmarks. 

The RF model in this study (94.2%) 

outperformed the GNB model in Asʿad's study 

[9] (92.3%) and performed competitively with 

the hybrid model in Chandralekha et al. [22] 

(90.83%). The GNB model in this study 

(90.5%) also performed slightly below the GNB 

results reported in Asʿad's study [11](92.3%), 

likely due to differences in dataset 

characteristics and class distributions. Overall, 

these findings reinforce a consistent pattern in 

the literature: Random Forest systematically 

outperforms Naive Bayes across various binary 

classification domains based on correlated 

numerical features. Simultaneously, it affirms 

that absolute accuracy heavily depends on the 

characteristics of the specific dataset used, 

necessitating careful interpretation of cross-

study comparisons. 
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4.5 Research Limitation 

Several methodological limitations in this 

study must be transparently acknowledged to 

ensure a balanced interpretation of the results 

and to guide future research directions: 

a. Single data source without external 

validation: The dataset originates from a 

single public source (Kaggle) and lacks 

comprehensive clinical metadata (such as 

age, gender, and comorbidities). 

Consequently, the model's generalizability 

to real-world clinical populations, 

particularly in Indonesia, cannot be 

guaranteed without validation using 

external data. 

b. Lack of statistical significance testing: The 

performance difference between GNB and 

RF is reported descriptively (mean ± 

standard deviation across a 5-fold CV) but 

has not been formally tested for statistical 

significance (e.g., using a paired 

McNemar's test or a paired t-test on the 

results of each fold). Thus, the claim 

regarding RF's superiority remains 

indicative rather than statistically 

conclusive. 

c. Absence of hyperparameter optimization: 

The RF model parameters (n_estimators = 

100, Gini criterion) utilized default scikit-

learn values without any systematic tuning 

(such as grid search, random search, or 

Bayesian optimization). Therefore, the 

reported performance of the RF model 

could potentially be further improved. 

d. Minimal handling of class imbalance: 

Although the class ratio (56.4%: 43.6%) is 

considered mild, this study did not 

implement resampling techniques, such as 

SMOTE, or class weighting. This omission 

could potentially affect the model's 

sensitivity toward the minority class in 

borderline cases. 

e. Limited feature scope: The study utilized 

only four standard hematological 

parameters. Additional parameters that 

have been clinically proven to be relevant 

in the literature, such as ferritin levels, 

reticulocyte count, or red cell distribution 

width (RDW), were not included. 

f. Model comparison limited to two 

algorithms: This research did not 

incorporate other comparative algorithms 

(such as SVM, XGBoost, or Logistic 

Regression) that have proven competitive 

in similar anemia studies. As a result, the 

assertion that RF is the superior approach 

applies exclusively to GNB, rather than 

across the entire spectrum of machine 

learning algorithms. 

 

5. CONCLUSION 

This study successfully developed and 

evaluated two machine learning models, 

namely Gaussian Naive Bayes (GNB) and 

Random Forest (RF), both individually and in 

comparison, for anemia classification using 

four hematological parameters. Several 

principal conclusions can be drawn as follows: 

a. The GNB model achieved an accuracy of 

90.5% with a recall of 92.7% on the 

hematological parameter-based anemia 

dataset. GNB demonstrated the capacity to 

provide robust probabilistic estimates and 

exhibited a notably high capability for 

anemia detection (true positives). However, 

its precision (86.5%) indicated more false 

positives than RF. GNB is well-suited for 

rapid initial screening due to its 

computational efficiency. 

b. The Random Forest model achieved an 

accuracy of 94.2% with a recall of 95.1% 

and an F1-score of 94.4%, outperforming 

GNB across all evaluation metrics with an 

accuracy margin of 3.7 percentage points. 

RF proved more robust at capturing non-

linear patterns among hematological 

parameters through its ensemble 

mechanism. The feature importance 

analysis of the RF model confirmed the 

dominance of the Hb parameter as the 

primary predictor of anemia (score 0.562), 

followed by MCHC, MCH, and MCV—a 

finding consistent with the correlation 

analysis (r = −0.80) and the literature on 

hematological physiology. 

c. A direct comparison between GNB and RF 

demonstrated that RF delivered 

descriptively higher and more stable 

performance (CV accuracy ±1.1% vs. 

±1.3%) on this hematological anemia 

dataset. However, GNB retains practical 

utility in clinical contexts due to its ability 

to generate directly interpretable 

probability estimations. Meanwhile, the 

superiority of RF must be interpreted with 
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the caveat that formal statistical 

significance testing has not yet been 

conducted in this study. 

d. Comparisons with previous studies 

indicated that the results of both models are 

competitive, yet they have not achieved the 

highest performance among existing 

machine learning-based anemia studies. 

This suggests room for improvement 

through hyperparameter optimization, the 

inclusion of additional clinical features, and 

the application of advanced ensemble 

techniques such as stacking. 

 

For future research, it is recommended to: 

(1) conduct external validation using real-world 

clinical data from healthcare facilities in 

Indonesia; (2) apply statistical significance 

testing (e.g., McNemar's test) to substantiate the 

model comparison claims; (3) systematically 

perform hyperparameter optimization; (4) 

explore class imbalance handling techniques 

such as SMOTE and class weighting; (5) 

incorporate other comparative algorithms, such 

as SVM, XGBoost, and Logistic Regression; 

(6) consider the addition of other hematological 

parameters like ferritin levels and reticulocyte 

counts; and (7) develop web-based interfaces or 

mobile applications equipped with explainable 

AI methods (e.g., SHAP) to facilitate the 

transparent and accountable implementation of 

these models in clinical practice. 
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