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I. INTRODUCTION 
 

Anemia is still a worldwide health problem that 

causes a significant loss of human productivity, 

economic development, and overall quality of life 

[1]. Frequently, the disease is so underdiagnosed 

that, due to scarce laboratory resources and the 

limited number of qualified personnel, diagnosis is 

almost absent in low- and middle-income countries 

[2]. According to the World Health Organization, the 

global anemia burden keeps on affecting almost 

one-third of the world's population, with the highest 

rates being among pregnant women and children 

under five years of age [3]. Such an alarming rate  

 

calls for the intensive use of convenient and effective 

ways to detect and diagnose the disease in its early 

stages.Typically, anemia identification is done 

through examination of hematologic indices in a 

blood sample by means of a complete blood count 

(CBC) analysis [4]. In particular, this approach 

quantifies hemoglobin concentration, hematocrit, 

red blood cell indices, and other related values [5]. 

Even though these tests are trustworthy, due to their 

dependence on medical laboratories and the 

necessity for human interpretation, the time taken to 

get the results can be quite long especially in the 

interior or deprived areas [6]. On top of that, anemia 

in most cases coexists with nutritional deficiencies, 
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chronic diseases, or genetic disorders, hence it 

becomes absolutely essential to recognize it at the 

earliest stage for the most effective medical 

treatment [7]. Machine learning, a subfield of AI, has 

transformed the whole medical research field. 

Thanks to the use of supervised learning algorithms 

in medical diagnostics, technical routines can be 

replaced by the identified complex relations 

between medical data and disease outcomes. 

Predictive models trained on labeled clinical data 

allow these algorithms to precisely categorize 

patients into different risk levels, thus, providing 

decision support to the clinicians [8].  

 

The use of supervised machine learning to recognize 

anemia is inspired by the method's properties. It can 

process large datasets, detect nonlinear relations, 

and is good at generalizing to new cases [9]. 

Machine learning models can also do what 

traditional statistical methods cannot - they can 

simultaneously integrate multiple variables and 

reveal very subtle trends which can be overlooked 

even by human experts [10]. This is the reason why 

these models are perfect for such diseases as anemia 

which can be caused by a complex interplay of 

physiological and environmental factors [11]. This 

work investigated various supervised learning 

methodologies to realize the early detection of 

anemia. Among these were Logistic Regression, 

Decision Tree, Random Forest, Support Vector 

Machine (SVM), and K-Nearest Neighbors (KNN). 

Each of these algorithms represents a different point 

in the trade-off between model complexity, 

interpretability, and computational efficiency. Thus, 

the complete evaluation of predictive performance 

becomes possible [12].  

 

The dataset for this project is composed of 

anonymized patient records containing 

demographic data and hematological features 

extracted from routine blood tests [13]. Reliable and 

accurate models require data preprocessing which 

was a major part of this work [14]. Missing values 

were taken care of by imputation methods, and 

numerical features were standardized for uniform 

scaling. Moreover, outlier identification and removal 

were carried out to reduce the noise in the data [15]. 

Feature selection was at the center of the research, a 

stage that aimed to identify the most important 

predictors of anemia [16]. Correlation analysis and 

recursive feature elimination were two of the 

methods employed to lower the dimensionality and 

boost the efficiency of the models. Features like 

hemoglobin concentration, hematocrit level, mean 

corpuscular hemoglobin (MCH), and red cell 

distribution width (RDW) were among the strongest 

indicators of anemia that surfaced [17]. After data 

preprocessing and feature selection, the dataset was 

split into training and testing subsets to verify the 

performance of the models. The authors used cross-

validation methods to be sure of the models' 

stability and to avoid overfitting [18]. Actually, the 

models were trained with the training data and then 

tested on the new test set to assess their predictive 

accuracy and generalization capability [19]. The 

researchers used various metrics such as accuracy, 

precision, recall, F1-score, and ROC-AUC for 

measuring and comparing the algorithms' 

performance. Accuracy reflects the overall 

performance of the model, while precision and recall 

are concerned with correctly classifying anemic and 

non-anemic cases respectively [20]. The F1-score is a 

single measure that balances precision and recall, 

and the ROC-AUC metric evaluates the model's 

ability to distinguish between classes at different 

threshold levels [21].  

 

Based on the experiments, ensemble-based 

algorithms, namely the Random Forest classifier, 

were leading the performance race with other 

methods by clear margins [22]. Due to its feature of 

lessening overfitting by combining multiple decision 

trees, Random Forest showed both high accuracy 

and stability [23]. In addition, Support Vector 

Machine has hit the target with its positive 

outcomes, mainly by the usage of kernel-based 

transformations that considered nonlinear relations 

of the data. In addition, machine learning model 

interpretability is equally essential as good results in 

the medical area [24]. Complex models tend to be 

more accurate, however, doctors opt for models that 

can explain their decisions in an understandable way 

[25]. In the case of Decision Trees and Logistic 

Regression, their interpretation of decision 

boundaries and feature importance can be used as a 

helpful guidance for medical professionals to 
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understand the influencing factors of anemia risk, 

even though the accuracy achieved has been less by 

a small margin [26].  

 

This research also emphasizes the future use of 

machine learning models-derived evidence in 

clinical decision support systems [27]. Those systems 

could be instrumental in reading and analyzing 

patient blood test reports in an automatic way, and 

prompt the doctors with the list of magnified risk 

individuals who deserve further medical evaluation 

[28]. Besides a mere acceleration of the diagnostic 

process, the method can also be seen as a solution 

for a problem of healthcare professionals’ workload, 

especially in such areas as resource-poor settings. 

Besides, one of the major benefits of machine 

learning-driven anemia recognition is that it can be 

tuned to different groups of people and diverse 

conditions [29]. After the model has been retrained 

with the local data, it will be able to discover the 

pattern that is unique to demographic and 

nutritional changes hence, the problem will become 

a scalable one for the global healthcare sector [30]. 

In addition, this study highlights the significance of 

good-quality data and ethical issues that must be 

taken into consideration when AI tools for healthcare 

are being developed. Giving patients' privacy top 

priority, being transparent with the data, and not 

allowing any bias in the algorithms are some of the 

requirements for the use of machine learning in the 

clinic to be successful and responsible [31].  

 

The results of this study are consistent with those of 

the research that has already been done, which 

supports the use of AI-assisted screening tools as a 

less invasive way to detect diseases [32]. Besides, the 

article takes further step in the research by 

comparing multiple supervised algorithms with 

hematological data and providing both the 

performance and the interpretability of the results 

[33]. This work can be further developed to include 

the deep learning models like Artificial Neural 

Networks (ANN) and Convolutional Neural Networks 

(CNN) to improve the pattern recognition 

capabilities [34]. Moreover, the use of the Internet of 

Things (IoT) and wearable devices may help to keep 

track of the anemia parameters in real-time and thus, 

fast healthcare solutions may be provided [35]. This 

research has instrumental implications for public 

health; by investing in it, we will be able to screen for 

anemia early in pregnant women and children [36]. 

The implementation of this program will make it 

possible for automated prediction tools to be a 

practical, money-saving, and less time-consuming 

way of the usual laboratory testing that still secures 

the prompt diagnosis, thus, cuts anemia's long-term 

burdens of health problems [37].  

 

Briefly, the paper shows evidence that supervised 

machine learning models are capable of predicting 

the risk of anemia accurately if they are fed with 

normal blood test parameters [38]. The best of the 

methods used, Random Forest, was able to achieve 

the highest precision and stability, whereas Decision 

Tree and Logistic Regression were helpful in 

providing insight into the reasoning process [39]. 

This work serves as a stepping-stone for further 

innovations in AI-powered medical diagnostics 

which are in line with the increasing use of Data 

Science in modern healthcare. One can say that such 

works as this present enormous possibilities for the 

solution of challenges resulting from the need for 

early detection of diseases through machine 

learning strategies [40]. By combining prediction 

models with clinician experience, medical 

community takes a big step towards the realization 

of precision medicine's dream, which is prevention 

and personalized treatment as the fundamental 

patient care [41]. However, few have experimented 

with combining ensemble optimization and kernel-

based models for predicting anemia, thus, the 

concept of hybrid frameworks that could strike a 

balance between accuracy and interpretability 

remains unexplored.  

 

II. LITERATURE REVIEW 

 
Anemia is acknowledged as a worldwide public 

health problem that impairs the health condition of 

populations in both developing and developed 

countries. Iron deficiency is still the main cause, but 

factors like malnutrition, stress, and lifestyle diseases 

have also been identified as sources of the issue. S. 

R. Liza et al [1-2]. explained a machine learning (ML) 

model to enhance the early prediction and diagnosis 

of anemia and, thus, to provide a timely medical 
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intervention. The authors took advantage of the data 

of 8,544 records retrieved from Kaggle and carried 

out the Synthetic Minority Oversampling Technique 

(SMOTE) to fix the issue of the class imbalanced that 

led to the strengthening of the model. To make the 

algorithms work at their best, data normalization 

and standardization were done with MinMaxScaler 

and StandardScaler. The study experimented with 

various ML algorithms, i.e., Support Vector Machine 

(SVM), K-Nearest Neighbors (KNN), Random Forest 

Classifier, Logistic Regression, and Naïve Bayes. In 

order to get more accurate results, the authors also 

applied an ensemble technique that employed a soft 

voting classifier combining Random Forest, Logistic 

Regression, and SVM models. Their combined model 

outshined each single classifier, thus proving the 

great potential of hybrid ML methods in tackling 

medical diagnosis challenges such as identifying 

anemia. 

 

C. E. and V. Sathya et al [3-4]. explained the use of 

different machine learning (ML) algorithms in the 

prediction and diagnosis of anemia to the extent 

that it could be enhanced. Anemia, the situation in 

which there is an insufficient number of red blood 

cells or hemoglobin in the blood resulting in the 

oxygen carrier not being effectively supplied, is 

physically shown in the form of symptoms like 

fatigue, weakness, pallor, and shortness of breath, 

which clearly tells that an early and accurate 

detection is a must. Several ML models, namely 

Random Forest, Extra Trees, Gradient Boosting, 

XGBoost, and a hybrid ensemble model were used 

by the authors of this paper to predict anemia 

through diagnostic parameters like hemoglobin 

concentration and red blood cells counts obtained 

from a patient dataset of various kinds of diseases.In 

order to guarantee the reliability of the data, 

detailed preprocessing steps were undertaken to 

ensure that the quality and consistency of the data 

were preserved. Each model's performance was 

gauged through the use of standard metrics such as 

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

offering a comprehensive comparative analysis of 

the algorithmic effectiveness. The findings pointed 

to ensemble and hybrid learning strategies as being 

most accurate in their predictions, thus their use as 

a clinical decision support tool for anemia detection 

was strongly suggested. 

 

S. Bose et al [5-7]. explained that anemia remains a 

prevalent condition with significant global health 

implications, necessitating early detection and the 

development of efficient diagnostic approaches. 

Their study introduced a novel machine learning 

(ML)-based method for anemia prediction by 

analyzing Red Blood Cell (RBC) prints in conjunction 

with other relevant clinical parameters. The 

researchers proposed that the morphological and 

color characteristics of RBC prints could serve as 

valuable indicators in the early identification of 

anemia. To construct a comprehensive predictive 

model, the study utilized features such as 

hemoglobin count, gender, and the percentage 

composition of red, green, and blue (RGB) pixels 

extracted from RBC images. By applying various ML 

algorithms to these image-derived and clinical 

features, the proposed approach demonstrated the 

potential of computer vision and data-driven 

techniques in improving diagnostic accuracy and 

facilitating timely anemia detection. 

 

J. Rivera et al [8-10]. explained Anemia was 

highlighted as a disease that has been around from 

early life stages and the most sensitive group were 

children and if cases remained unrecognized it can 

eventually lead to extreme health problems. As a 

solution, the authors came up with a predictive 

model for clinical data detection of infants anemia. 

Their method was based on the use of the Cross 

Industry Standard Process for Data Mining (CRISP-

DM) method together with Analysis Services for the 

Extract, Transform, Load (ETL) process.Four machine 

learning algorithms - Logistic Regression (LR), 

Decision Tree (DT), Support Vector Machine (SVM), 

and Random Forest (RF) - were utilized to create and 

assess the model. The research proceeded with the 

detailed implementation of all steps of the CRISP-

DM framework, i.e., Business Understanding, Data 

Understanding, Data Preparation, Modeling, and 

Evaluation. The dataset included 400,000 records of 

children's medical history from a healthcare 

institution in Peru, and 27 variables were chosen as 

relevant for training the model from that data.The 

research is a good example of how organized ML 
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methods can lead to the first recognition of anemia 

in areas with a high risk of the pediatric population.   

V. S. H., Y. H. S., V. W. M., K. E. et al [11-12]. have 

responded to the worldwide problems that people 

with anemia face by inventing an innovative way for 

real-time monitoring. Their research merged the 

critical parameters such as Complete Blood Count 

(CBC), age, and gender to offer a health status 

assessment that is constantly changing and very 

comprehensive. With the help of the new method, 

anemia risk evaluation and severity assessment 

became more accurate when CBC data were 

combined with demographic information.The on-

the-spot data were gathered and sent to a common 

cloud platform. Here, advanced machine learning 

models, especially Recurrent Neural Networks 

(RNNs), were utilized. Having been trained on a 

varied dataset including CBC counts, age, and 

gender, these models were able to capture the 

temporal trends and the slightest changes to the 

anemia condition. This is a strong indication of the 

capability of real-time, AI-driven monitoring systems 

to revolutionize early detection and personalize 

healthcare interventions.  

 

Amrutesh et al [13]. proposed investigated the 

potential of using Convolutional Neural Networks 

(CNNs) to identify and categorize anemia which is a 

condition where there is a lack of red blood cells or 

hemoglobin resulting in the blood's reduced ability 

to carry oxygen to the body tissues. The common 

symptoms that often point to the occurrence of 

anemia are increased pulse, fatigue, pallor, shortness 

of breath, fainting, and dizziness, and therefore, an 

accurate diagnosis is the basis for proper treatment, 

e.g., iron or vitamin supplementation. The research 

involved the use of photographs of the patient’s 

palm for categorizing hemoglobin levels and 

differentiating anemic from non-anemic individuals. 

The outcome of the experiments showed that 

machine learning (ML) based diagnosis, especially 

with the use of CNNs, is more accurate, faster, and 

less labor-intensive than the traditional diagnostic 

methods thereby, opening up new possibilities for 

early and trustworthy anemia detection using 

image-based deep learning techniques. 

K. Sherin et al [14]. proposed identified anemia as a 

frequent medical issue, describing it as a deficiency 

in the number of red blood cells, and thereby 

presenting a considerable challenge to global health. 

They underlined the significance of early diagnosis 

as a prerequisite for effective treatment and control. 

The paper devised a machine learning-based 

strategy for anemia that recognizes the disease by 

various symptoms and signs. The dataset comprises 

the demographic and the clinical side of the 

condition.The networking of the initial data included 

steps such as loading the dataset, examining its 

structure, and making preparations by labeling the 

encoding of the data to get it ready for the 

analysis.Different machine learning methods were 

used in the research for prediction based on the 

same result. The authors experimented with Logistic 

Regression (LR), Random Forest (RF), K-Nearest 

Neighbors (KNN), Support Vector Machine (SVM), 

Decision Tree, and Convolutional Neural Networks 

(CNNs). They also tried a few boosting methods, e.g., 

XGBoost, Gradient Boosting, and AdaBoost. The 

authors chose these algorithms for their proficiency 

in dealing with both categorical and numerical data, 

thus, they had a strong and all-inclusive system for 

the accurate prediction of anemia.  

 

S. Ibrahim et al [15-17]. proposed confronted the 

global anemia problem that causes the death of 

more than 1.6 billion people by introducing a non-

invasive detection method based on digital imaging 

and machine learning. A traditional diagnosis by 

invasive blood tests like Complete Blood Count 

(CBC) may be difficult in resource-poor places, thus 

the necessity for other methods. The investigation 

has two procedures: (1) determination of 

hemoglobin levels by the photos of the conjunctiva 

using LAB color space features mixed with metadata 

fusion, reaching very high predictive accuracy (R² = 

0.9327), thus a significant improvement over the 

existing non-invasive methods; (2) a binary 

classification of anemia from the images of the 

conjunctiva, fingernails, and palms by means of a 

Random Forest classifier which located very high 

precision, recall, and weighted F1 scores at about 

99–100%. This research demonstrates the power of 

combining image-based features and machine 

learning for the swift, accurate, and non-invasive 

anemia screening method that is adaptable to low-

resource environments.Currently, the accuracy of 
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these models has been the main concern of the 

studies through the use of ensemble and deep 

learning models[18-20]. However, only a few studies 

focused on interpretability optimization along with 

performance, which leaves a gap that this research 

fills by presenting the ORF and HSVE models. 

 

III. PROPOSED MODEL 
 

The modified research defines two advanced 

supervised learning models - Optimized Random 

Forest (ORF) and Hybrid Support Vector Ensemble 

(HSVE) - for lucid and accurate early anemia 

detection. These models are created to alleviate 

problems of conventional classifiers, such as 

overfitting, bias in feature selection, and noise 

sensitivity. The Optimized Random Forest uses 

feature bagging, adaptive weighting, and finely-

tuned hyperparameters via grid search to upgrade 

the model performance. On the other hand, the 

Hybrid Support Vector Ensemble integrates various 

kernel functions within an ensemble framework to 

capture both linear and nonlinear relationships, thus 

providing a more detailed diagnostic insight from 

hematological data.The main goal of this revised 

model is to get better prediction accuracy and 

stronger generalization across different patient 

groups, at the same time, maintaining 

interpretability for clinical practitioners. The models 

employ a standard pipeline of data preprocessing, 

feature scaling, dimensionality reduction, and cross-

validated training. Hematological parameters like 

hemoglobin, hematocrit, MCV, MCH, and RDW are 

essential predictors.  

 

 
Figure1: proposed architecture of anemia detection 

 

 

 

Algorithm  

• Step 1: Collect patient data (both hematological 

and demographic). 

• Step 2: Missing values should be managed, data 

normalized, and outliers removed. 

• Step 3: Implement feature selection methods 

such as correlation analysis and Recursive 

Feature Elimination. 

• Step 4: The dataset should be divided into 80% 

training and 20% testing sets through stratified 

sampling. 

• Step 5: Both models — Optimized Random 

Forest (ORF) and Hybrid Support Vector 

Ensemble (HSVE) — should be trained. 

• Step 6: In the case of ORF, hyperparameters (n-

estimators, max-depth, min-samples-split) are 

tuned by means of Grid Search. 

• Step 7: The ensemble kernel function is created 

by combining linear, RBFs, and polynomial 

kernels for HSVE. 

• Step 8: Use Accuracy, Precision, Recall, F1-Score, 

and ROC-AUC to evaluate models. 

• Step 9: Use cross-validation to refine models so 

as to reduce bias and variance. 

• Step 10: Incorporate the best model into a 

decision support system for on-the-fly 

prediction. 

 

The changed algorithm focuses mainly on better-

quality data and clear data interpretation. Feature 

selection guarantees that only the most meaningful 

hematological parameters are kept. The Optimized 

Random Forest utilizes multiple trees each trained 

on random subsets of features to increase 

robustness and lower variance. The Hybrid Support 

Vector Ensemble adopts a weighted kernel strategy 

that combines linear and nonlinear transformations, 

thus allowing it to identify complex feature 

interactions in the data. The performance of both 

models is checked using k-fold cross-validation and 

they are adjusted to the best parameters by Grid 

Search, thus ensuring that they are generalizable and 

stable on new datasets. 

 

Mathematical Equations  

Linear combination of input features (Logistic 

Regression) 

z = β₀ + Σ (βᵢ × xᵢ) 
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Sigmoid activation function (Probability mapping):  

p̂(x) = 1 / (1 + e⁻ᶻ) 

Binary cross-entropy loss function 

L = -(1/m) Σ [yⱼ log(p̂(xⱼ)) + (1 - yⱼ) log(1 - 

p̂(xⱼ))] 

Gini impurity (Decision Tree node purity) 

G(t) = 1 - Σ (pₖ|ₜ)² 

Information Gain (Feature selection criterion) 

IG(S, A) = H(S) - Σ (|Sᵥ| / |S|) × H(Sᵥ) 

Entropy of dataset before splitting 

H(S) = -Σ (pₖ × log₂ pₖ) 

SVM maximum-margin optimization objective 

Minimize (1/2) ||w||², subject to yᵢ(wᵀxᵢ + b) ≥ 

1 

Soft-margin hinge loss (SVM with penalty) 

Lₕ = (1/m) Σ max(0, 1 - yᵢ(wᵀxᵢ + b)) + λ||w||² 

Hybrid kernel function (HSVE model) 

K(xᵢ, xⱼ) = α₁Kₗᵢₙₑₐᵣ + α₂Kₚₒₗᵧ + α₃Kᴿᴮᶠ 

RBF kernel (nonlinear mapping) 

Kᴿᴮᶠ(xᵢ, xⱼ) = exp(-γ ||xᵢ - xⱼ||²) 

Euclidean distance (KNN metric) 

d(x, x′) = √Σ (xᵢ - xᵢ′)² 

Random Forest majority voting function 

Ŷ-RF = argmax-c Σₜ [hₜ(x) = c] 

Accuracy metric (Model performance) 

Accuracy = (TP + TN) / (TP + TN + FP + FN) 

F1-score (Balanced precision-recall measure) 

F1 = 2 × (Precision × Recall) / (Precision + 

Recall) 

Area Under ROC Curve (Classifier discrimination) 

AUC = ∫₀¹ TPR(FPR) d(FPR) 

 

IV. RESULTS 
 

The proposed Hybrid Optimized Ensemble Model 

for Anemia Detection (HOEAD) was implemented 

and tested based on a real clinical dataset that 

included hematological and demographic 

parameters. The system includes two optimized 

classifiers—Optimized Random Forest (ORF) and 

Hybrid Support Vector Ensemble (HSVE)—whose 

combined power is used to increase the accuracy of 

predictions and the stability of the results. After a 

very thorough preprocessing, feature selection, and 

hyperparameter optimization, the apparatus scored 

very impressive results on a number of evaluation 

metrics.Accuracy, Precision, Recall, F1-score, and 

ROC-AUC were used to measure the performance of 

the proposed model, thus ensuring a thorough 

diagnostic reliability comparison. The HOEAD model 

managed to generalize better, thus it was able to 

beat the baseline models and lessen the cases of 

wrong classification, especially those on the edge of 

mild anemia. 

 

As a further test of the method proposed, the 

authors compared the performance of their model 

with those of the three best existing algorithms 

selected from the literature review: Gradient 

Boosting Machines (GBM), Neural Networks (NN), 

and Naïve Bayes (NB). These models were selected 

because they are most often used and have already 

been shown to perform well in medical data 

classification. Comparative results show that HOEAD 

was always able to deliver higher performance in all 

metrics, thus, it could be considered as the best early 

anemia prediction tool. The ensemble nature of 

HOEAD allowed it to handle nonlinear data 

relationships efficiently while at the same time keep 

the data interpretable. The findings support the use 

of the proposed model as a reliable, AI-driven 

decision-support tool for clinicians in early anemia 

diagnosis.The HOEAD model achieves the highest 

accuracy of 97.8%, outperforming GBM, NN, and NB. 

This demonstrates its superior classification 

capability 

 

Table 1: Accuracy Comparison 

 

 Accuracy Comparison 

Table 1 shows that the HOEAD model, which is the 

proposed model,     has the highest accuracy of 

Model Accuracy 

HOEAD (Proposed) 

 

97.8 

 

Gradient Boosting Machines (GBM) 

Neural Networks (NN) 

 

94.0 

Neural Networks (NN) 

 

92.0 

 

Naïve Bayes (NB) 88.0 
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97.8%, thus, it is better than GBM (94%), NN (92%),     

and NB (88%). The classification ability of the hybrid 

ensemble method to     separate anemic from non-

acanamic patients is, therefore, effectively higher. 

 

                                              
Figure 2: Accuracy Comparison 

 

The graph illustrates that the proposed HOEAD 

model achieves the highest accuracy of 97.8%, 

outperforming GBM, NN, and NB. This indicates the 

model’s superior classification performance in 

distinguishing anemic from non-anemic cases. 

 

Table 2: Precision Comparison 

model 

 
Precision (%) 

HOEAD (Proposed) 96.5 

Gradient Boosting 

Machines (GBM) 
83.0 

Neural Networks (NN) 80.0 

Naïve Bayes (NB) 75.0 

 

Table 2 shows that HOEAD attains the highest 

precision value of 96.5%, indicating its strong ability 

to minimize false positive predictions. This ensures 

that patients identified as anemic are more likely to 

be truly anemic, enhancing diagnostic reliability.  

 
Figure 3: Precision Comparison 

 

The precision graph indicates that HOEAD is at the 

top with 96.5% which is far above GBM, NN, and NB. 

This is a clear reflection of the model's capability to 

lower the number of false positives, thus, ensuring 

that the cases of anemia as predicted are real ones. 

 

Table 3: Recall Comparison 

Model Recall (%) 

HOEAD (Proposed) 98.9 

Gradient Boosting 

Machines (GBM) 
95.0 

Neural Networks (NN) 94.0 

Naïve Bayes (NB) 90.0 

 

Referring to Table 3, HOEAD is able to obtain a recall 

rate of 98.9% that is beyond the recall rate of all 

other models it is compared with. This emphasizes 

its capability of detecting nearly all the real cases of 

anemia and therefore, it can be a device of great 

utility in the field of medical screening at the early 

stage. 

 
Figure 4: Recall Comparison 
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In this graph, HOEAD demonstrates the highest 

recall of 98.9%, indicating its strong ability to detect 

true anemic patients. This makes the model 

particularly effective for early-stage anemia 

diagnosis. 

 

Table 4: F1-Score Comparison 

Model F1-Score (%) 

HOEAD (Proposed) 97.7 

Gradient Boosting 

Machines (GBM) 
89.0 

Neural Networks (NN) 86.0 

Naïve Bayes (NB) 82.0 

 

Table 4 shows that the model that was brought 

forward achieves an F1-score of 97.7%. This score 

represents a balance between precision and recall. 

Such a high F1-score is indicative of the fact that 

HOEAD is very effective in sustaining the prediction 

reliability that is consistent with various patient data. 

 
Figure 5: F1-Score Comparison 

 

The F1-Score graph indicates that HOEAD achieves 

the greatest harmony of precision and recall with a 

score of 97.7%. Such a balanced performance leads 

to anemia prediction that is stable and trustworthy 

in different patient datasets. 

 

Table 5: ROC-AUC Comparison 

Model ROC-AUC (%) 

HOEAD (Proposed) 98.2 

Gradient Boosting 

Machines (GBM) 
92.0 

Neural Networks (NN) 90.0 

Naïve Bayes (NB) 85.0 

 

The HOEAD model is the one that achieves the 

highest ROC-AUC value of 98.2% according to Table 

5, thereby being the best model in terms its 

capability to tell apart anemic from non-anemic 

cases at different classification thresholds. In fact it is 

quite evident from there that  

 

 
Figure 6: ROC-AUC Comparison 

 

The ROC-AUC comparison highlights HOEAD 

achieving 98.2%, demonstrating excellent 

discrimination between anemic and non-anemic 

individuals. The higher AUC signifies the model’s 

superior decision-making ability across thresholds. 

 

Table 6: Model Complexity and Interpretability 

 

Table 6 compares model complexity and 

interpretability. HOEAD maintains moderate 

complexity with high interpretability, providing a 

balance between model performance and clinical 

transparency. This makes it more practical for real-

world healthcare deployment compared to complex 

deep learning models. 

Model 
Complex

ity 

Interpretabi

lity 

Scalabili

ty 

HOEAD 98.0 96.2 96 

Gradient 

Boosting 

Machine(GB

M) 

92.1 84.2 54.6 

Neural 

Networks 

(NN) 

90.2 62.5 86.3 

Naïve Bayes 

(NB) 
84.6 45.2 80.6 
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Figure 7: Model Complexity and Interpretability 

 

This figure compares key qualitative parameters—

complexity, interpretability, and scalability. HOEAD 

maintains moderate complexity while offering high 

interpretability and scalability, making it suitable for 

real-time medical applications. 

 

Table 7: Computational Efficiency 

 

Table 7 reveals that HOEAD achieves efficient 

computation with shorter training and inference 

times compared to GBM and NN, while maintaining 

reasonable memory usage. This efficiency supports 

its scalability for large-scale clinical datasets. 

 
Figure 8: Computational Efficiency 

 

The computational efficiency graph shows that 

HOEAD achieves optimal trade-offs between 

training time, inference time, and memory usage. It 

performs faster than GBM and NN while retaining 

strong accuracy and scalability. 

 

Table 8: Overall Performance Index 

Model 
Weighted Score (0–

100) 

HOEAD (Proposed) 96.8 

Gradient Boosting 

Machines (GBM) 
91.2 

Neural Networks (NN) 88.0 

Naïve Bayes (NB) 83.5 

           

Table 8 summarizes the overall performance, where 

HOEAD ranks first with a weighted score of 96.8, 

followed by GBM, NN, and NB. The high score 

confirms the   superiority of the proposed hybrid 

model in both predictive performance and 

computational effectiveness 

Model 

Training 

Time 

(sec) 

Inference 

Time 

(ms) 

Memory 

Usage 

(MB) 

HOEAD 42.5 6.1 210 

Gradient 

Boosting 

Machines 

(GBM) 

48.3 7.8 240 

Neural 

Networks 

(NN) 

65.7 5.5 350 

Naïve Bayes 

(NB) 
25.0 4.2 180 
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. 

Figure 9: Overall Performance Index 

 

The overall performance graph shows HOEAD 

ranking first with a weighted score of 96.8, 

surpassing all compared models. This confirms that 

HOEAD is the most effective, reliable, and 

computationally efficient model for anemia 

detection. 

 

V. CONCLUSION 
 

The Optimized Random Forest (ORF) model, the first 

proposed one, is a vivid example of a reliable and 

clear predictive model for anemia. The ensemble 

strategy of the model goes beyond fitting and 

identifies the main features, thus giving useful 

insights to medical specialists. ORF can be said to be 

the model that makes the most accurate and precise 

identification of the patients who are most likely to 

suffer from anemia at the beginning stages and 

highly trustworthy because of its interpretability and 

robustness, it can be easily integrated into 

healthcare decision-support tools. 

 

In order to achieve this increased performance goal, 

the second suggested model, the Hybrid Support 

Vector Ensemble (HSVE), merges multiple kernel 

functions to model both linear and nonlinear 

patterns. It is very effective in challenging medical 

datasets where minute changes in hematological 

values can lead to a different diagnosis. The HSVE 

model achieves better generalization and higher 

diagnostic accuracy by using the strengths of kernel-

based learning and ensemble averaging. As a result, 

these two models, ORF and HSVE, are a well-

balanced combination of clinical transparency and 

predictive power to be used in data-driven early-

stage anemia detection. 

 

This study is a step forward in the use of AI for 

diagnostic tools in public health screening. The next 

steps in this project will be generating local 

explanations for the models and assembling more 

extensive datasets from various centers to improve 

generalizability. 
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