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ABSTRACT 
There is a common disease identified in the aged people is reduction in the blood cells which is called as 
anaemia. If there is a delay in the prediction of anaemia the patient health gets serious issue afterwards. The 
state of art techniques are unable to provide real time solution as anaemia can be caused by different diseases 
and they are depending on huge statistics. So, the use of different machine learning algorithm can provide a 
suitable solution for prediction of anaemia from patient in real time even the results can be explained suing 
LIME and SHAP algorithms. Traditional machine learning classifiers such as KNN, SVM, DT are able to 
provide the better performance which is calculated using different performance metrics such as precision, 
accuracy, f score and recall. The dataset used in this application is obtained from Kaggle portal which has 
different features such as hemoglobin level, gender etc. To improve the performance of prediction of anaemia in 
the proposed method hybrid algorithms are used with voting mechanism. Performance of traditional machine 
learning algorithms and proposed hybrid machine learning algorithm with voting mechanism is displayed using 
tabular and visualization format to show the superior performance of proposed hybrid machine learning 
algorithm. 
Keywords: Anaemia Prediction, Hybrid Machine Learning Algorithm, Explainable Ai. 
How to cite this article: Patil P B, Mahajan A S, Balbhimrao K S, Kulkarni A S, Rathode A N, Kashinath S S, 
Gaikwad M L., Transparent Hybrid Machine Learning and Explainable AI Model for Accurate Anaemia 
Prediction. Int J Drug Deliv Technol. 2026;16(43s): 88-95; Doi: 10.25258/Ijddt.16.43s.11 
.  

I. INTRODUCTION  
Anaemia is one of the commonest illnesses in the 
world with the amount of hemoglobin in blood or 
the amount of red blood cells being reduced and 
thereby affecting the oxygen carrying ability of 
blood and creating disastrously dangerous health 
problems in the event that it is not properly timely 
detected. The World Health Organization claims 
that anaemia inflicts a huge percentage of the world 
population, especially women, children and those 
found in the developing regions. This thus 
necessitates early diagnosis and appropriate clinical 

management to avert fatigue, impaired thinking and 
dysfunction of organs. However, the conventional 
means of diagnosis rely mostly on laboratory blood 
tests and statistical risk assessment procedures 
which do not possess any predictive potential or 
provided sufficient information regarding the 
causes of the disease. 
With the rapidly changing sphere of artificial 
intelligence and data-driven healthcare analytics, 
machine learning techniques have become a 
powerful tool of predicting diseases and clinical 
decision making. A wide range of machine learning 
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models such as Support Vector Machines (SVM), 
Decision Trees, K-Nearest Neighbors (KNN) and 
ensemble learning algorithms have been widely 
used in the prediction of medical conditions such as 
anaemia using clinical and hematological variables. 
The models can track complex trends of patient 
data and generate accurate forecasts that are 
applicable in assisting the healthcare workers in the 
initial identification and planning of treatment [1], 
[5]. Nevertheless, even with their predictive 
functions, numerous machine learning models act 
as black-box systems, so that clinicians cannot see 
the rationale behind predictions, and thus many of 
them cannot be implemented in the healthcare 
setting in practice. 
To address this issue, Explainable Artificial 
Intelligence (XAI) has been suggested to increase 
transparency and interpretability in machine 
learning-based medical systems. SHAP (SHapley 
Additive exPlanations) and LIME (Local 
Interpretable Model-Agnostic Explanations) are 
both XAI approaches that allow a researcher or 
clinician to learn the impact of different features in 
inputs on the model predictions. Such approaches 
could provide beyond useful explanations of 
individual forecasts, which improves trust and 
reliability in the application of AI in health care 
applications [3], [4]. The fact that the role of the 
most important clinical features, such as 
hemoglobin levels, the number of red blood cells, 
and other hematological indicators are highlighted, 
explains why explainable models may assist 
healthcare professionals to better understand the 
outcomes of the diagnostic tests and make rational 
medical decisions. 
The recent studies have been able to prove that the 
combination of machine learning models and 
explainability techniques significantly enhances the 
functionality of disease prediction systems. As an 
illustration, a number of researchers have proposed 
explainable models of anaemia prediction with the 
ensemble learning and feature importance analysis 
to determine the main medical indicators of 
anaemia diagnosis [2], [6]. These methods do not 
only enhance the accuracy of prediction but also 
offer the clinically interpretable insight to aid in the 
decision-making procedures. The integration of 
explainable AI with predictive models, therefore, is 
an important input to smart healthcare systems, 
since it enables a high degree of predictive quality 
and transparent decision support. 

Based on these advancements, the paper presents 
an anaemia prediction framework, which is not 
only transparent but also it employs various 
machine learning algorithms along with 
explainable artificial intelligence methods. This is a 
proposed model that utilizes the help of classifiers 
such as SVM, Decision Trees, KNN and Gradient 
Boosting to predict anaemia conditions using 
clinical datasets. In addition, explainability 
algorithms such as SHAP and LIME are also 
included to analyze and visualize the effect of 
features on the prediction. By combining predictive 
accuracy and interpretability, the proposed system 
will assist in bridging the gap between machine 
learning systems and their use in a hospital setting 
and eventually assist healthcare professionals in the 
early detection and management of anaemia. 

II. LITERATURE SURVEY  
Farooq et al. proposed a clear anaemia 

prediction framework with the ability to explain the 
Explainable Artificial Intelligence (XAI) that can 
overcome the black-box limitations of traditional 
machine learning models in the healthcare sector 
[1]. The study used several classifiers to increase 
the clinical interpretability: SVM, Decision Trees, 
KNN, and Gradient Boosting are applied with 
SHAP and LIME explainability methods. Their 
model was also seen to be extremely predictive 
with feature level description thus raising the 
confidence of the clinicians. The article has 
emphasized the importance of being open about 
AI-based medical diagnosis and explainable model 
can be used in order to bridge the predictive 
accuracy and clinical practice. 

In one of the hospitals in Bangladesh, 
Bhowmik and Nasir experimented on a diagnostic 
anemia adaptive framework on tree-based machine 
learning models using XAI techniques on real 
clinical data [2]. The experiment involved the use 
of the Random Forest, Gradient Boosting, and 
Extra Trees classifiers that were intensively pre-
processed with statistical validation and 
hyperparameter optimization. The largest 
influential feature in the diagnosis of anemia was 
identified to be hemoglobin level as identified by 
SHAP-based explanations. Their model was very 
generalized and focused upon explicable decision 
support systems to a clinical environment. 

Darshan et al. focused their efforts on 
interpretable machine learning and explainable AI 
of the differences in diagnosis of iron deficiency 
anemia and aplastic anemia [3]. The experiment 
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entailed the collection of blood test characteristics 
collected in one of the medical institutions and 
applying various XAI techniques including SHAP, 
LIME, ELI5, and Anchor. The research provided 
in-depth information on the importance of the 
features and the reasoning behind the choice, which 
will allow the clinicians to learn and trust the 
model results. This research indicated that XAI 
works successfully in the creation of a multifaceted 
diagnosis decision in blood disorders. 

Agrawal et al. paper explored the notion of 
explainable AI integration with machine learning to 
enhance the accuracy of the disease prediction and 
decision transparency in other medical issues, 
including anemia [4]. The suggested hybrid was the 
Decision Trees + Naive Bayes + Random Forest + 
XGBoost in combination with the SHAP and LIME 
elucidations. Their results were most precise and 
could be more easily interpreted and overcome the 
gap of trust that is strictly connected with AI 
systems in the medical sphere. The paper advocated 
the significance of XAI in enabling clinician-
friendly AI-based diagnosis systems. 

BS et al. proposed an ensemble machine 
learning model that is coupled with explainable 
artificial intelligence to identify hemoglobin-based 
anaemia through the use of hematological 
biomarkers [5]. It was performed by training a few 
classifiers and combining them using a stacking 
approach to achieve an accuracy, precision and 
recall of 99%. XAI methods were used to infer 
model predictions and identify clinical significant 
blood marker. The study highlighted the efforts of 
ensemble learning integrated with explainability in 
enhancing the results of early diagnosis and 
treatment. 

A prediction system of anemia was suggested 
by Kasthuri et al., which combines explainable 
artificial intelligence as a predictor to understand 
the underlying causes of anemia among the young 
population [6]. The study suggested that the data 
was preprocessed to eliminate class imbalance and 
implements different machine learning models. 
Light Gradient Boosting model was more precise 
and the XAI analysis led to the common 
contributing attributes that influenced on predicting 
anemia. The practice assisted health professionals 
to make quality and clean clinical decisions. 

On the premise of clinical markers and 
different explainable AI techniques, Darshan et al. 
developed an anemia detecting machine-learning-
based system [7]. Some of the classifiers that were 

used in the study and had a high accuracy rate of up 
to 98 include Random Forest, KNN, SVM and 
XGBoost. Predictions and influential features were 
explained using explainability tools like SHAP, 
LIME, QLattice and ELI5. The paper has proved 
that it is possible to implement explainable AI-
based decision support systems to achieve correct 
and automated anemia diagnosis. 

III. PROPOSED METHOD  
The proposed method offers a transparent 
framework for predicting anaemia that combines 
Explainable Artificial Intelligence (XAI) and 
machine learning methods to guarantee good 
prediction accuracy and interpretability. The 
architecture of the system as illustrated in Fig. 3.1 
is constructed in a structured pipeline in which 
every step aids in the successful processing of data, 
model training, evaluation and prediction. The 
overall workflow consists of patient data collection, 
preprocessing, training multiple classifier models, 
performance measurement and final prediction with 
explanatory support. 

𝑓(𝑥) → 𝑦 
Where	𝑥 = {𝑥!, 𝑥"… . . 𝑥#} represents clinical input 
features and y∈{0,1} denotes the class label 
(anaemic or non-anaemic). 

 
Fig.3.1 Block Diagram of Proposed Method  
Proposed method steps are explained in detail 
below, 
3.1 Gathering Patient Datasets 
Gathering a patient dataset with pertinent clinical 
and hematological information linked to anaemia is 
the first step in the suggested process. Examples of 

Patient Dataset    

Data Pre-processing  

Training data 

Machine learning (SVM, DT, 
KNN, GBC and Proposed Hybrid 

Algorithm)

Performance analysis

Prediction and validation output
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such metrics include hemoglobin levels, red blood 
cell count, mean corpuscular volume (MCV), mean 
corpuscular hemoglobin (MCH), gender, age and 
other pertinent features. A crucial component of 
evaluating the precision and reliability of the 
prediction model is the system input (the dataset). 
The next step in creating a robust machine learning 
system is to make sure that the data is complete and 
of good quality. 
3.2 Preparing Data 
To enhance its quality and appropriateness for 
machine learning algorithms, the gathered raw 
dataset is preprocessed in the second stage. 
Handling of missing values, noise and 
inconsistencies as well as, as may be required, 
changing category data into numerical form is all 
part of this step. Normalization or standardization 
methods are also employed to normalize the data to 
a specific range to ensure that all the features play 
an equal part in the model training. Preprocessing 
reduces bias brought on by unequal data 
distributions and improves the learning process' 
overall effectiveness. 
3.3 Preparing Training Data 
Preprocessing divides the data sample into training 
and testing samples, typically in an 80:20 ratio. The 
training dataset is used to train the machine 
learning models and their performance on untested 
data is measured by the testing data. This division 
guarantees the model's good generalization and 
prevents overfitting. Proper data splitting is also an 
important procedure in ensuring the effectiveness 
of the predictive model in real life scenarios. 
3.3.1 Application of Machine Learning Models. 
There are a number of machine learning techniques 
employed at this stage to forecast anaemia. Support 
Vector Machine (SVM), Decision Tree (DT), K-
Nearest Neighbors (KNN), and Gradient Boosting 
Classifier (GBC) are the main classifiers used in 
the suggested system. To discover patterns and 
connections between input features and the 
intended output (anaemic or non-anaemic 
condition), each algorithm is trained on the 
prepared dataset. 
Since SVM is capable of working with high 
dimensional data and deciding the optimal decision 
boundaries, it has shown good classification 
performance among these models. Whereas KNN 
is easy to use and efficient in similarity-based 
categorisation, Decision Trees provide a rule-based 
framework, enhancing interpretability. Gradient 
Boosting develops a strong ensemble model by 

adding multiple weak learners to further improve 
the prediction performance. Multiple algorithms 
allow making comparative analysis and choosing 
the best model. 
SVM or support vector machine: SVM is also a 
good high-dimensional classifier, so this makes it a 
primary classifier. It works by establishing optimal 
decision boundary with the highest margin between 
the anaemic and non-anaemic classes. SVM 
minimizes misclassification and is particularly 
helpful when the data has a strong separation by the 
classes. 
KNN or K-Nearest Neighbors: KNN is a simple 
algorithm which classifies a patient based on 
similarity to the other data points which are nearby. 
It uses majority vote to determine which training 
samples are closest to the class label. This method 
is useful when there are similar clinical profiles to 
detect local data trends. 
Decision Tree Classifier (DT): Decision Tree is a 
rule-based algorithm that breaks down the dataset 
into smaller groups based on some important 
attributes such as the number of RBCs or the level 
of hemoglobin. It generates a tree-like decision 
structure, thus making it highly interpretable and 
suitable in therapeutic environments where the 
understanding of the reasoning is very important. 
GBC or Gradient Boosting Classifier: Gradient 
Boosting is an ensemble approach to learning that 
creates a powerful predicting model by joining 
together multiple weak models. It also enhances 
accuracy, by repeatedly correcting errors produced 
by previous models. This approach is useful in 
dealing with complex feature interactions, and 
enhances overall prediction. 
Hybrid Machine Learning Classifier  
Different classifiers are combined in hybrid model 
such as XGBoost classifier, Random Forest 
classifier using voting mechanism of voting 
classifier. The voting mechanism vote for the 
algorithm with highest accuracy so the final 
outcomes come with higher accuracy. 
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Fig. 3.2 Hybrid Classifier Mechanism  
Here the hybrid classifier mechanism is represented 
using two classifiers XGBoost classifier and 
random forest classifier. Majority voting is applied 
for getting final prediction outcome. 
3.3.2 Explainable Artificial Intelligence. 
A key contribution to the proposed strategy is the 
combination of Explainable AI models, specifically 
SHAP ( SHapley Additive exPlanations ) and 
LIME (Local Interpretable Model-Agnostic 
Explanations). These methods are used to decipher 
the machine learning models' predictions. LIME 
only approximates the model locally to explain 
individual predictions, whereas SHAP provides the 
level of importance on each feature to give both a 
global and a local explanation. By making the 
decision-making process transparent, this 
integration overcomes the drawbacks of black-box 
approaches. It enhances usage and trust in clinical 
application by assisting healthcare practitioners to 
comprehend which functions can significantly 
affect the forecast. 
3.4 Evaluation of Performance 
The models are evaluated using standard 
performance measures such as accuracy, precision, 
recall, F1-score, and miss-rate after being trained. 
This is a step that helps to identify the best model 
as the efficacy of different algorithms can be 
compared. The experimental results indicated that 
the hybrid or extended model was more effective 
than other classifiers and the SVM model had 
excellent accuracy. Before deployment, 
performance analysis makes that the chosen model 
satisfies the necessary requirements for accuracy 
and dependability. It also aids in locating possible 
enhancements and optimization techniques. 
3.5 Prediction and validation:  
The trained model is utilized for validation and 
prediction in the last phase. The trained model is 
applied to the testing data or new patient data to 

decide whether or not the patient is anaemic. The 
system makes the explanation outputs based on 
SHAP and LIME to identify the most significant 
factors that contributed to the decision-making 
process, as well as the prediction result. This will 
ensure that the system is predictive as well as 
understandable and hence most suitable in practical 
healthcare application. Proper prediction and 
explanation go hand in hand to enhance clinical 
decision-making and patient care. 
Accuracy:  In the context of a Confusion Matrix 
for evaluating the classification of early-stage 
detection of psoriasis using deep learning, accuracy 
is a measure of overall correctness.  
 
Accuracy =   $%&$'

			$%&)%&)'&$'
	… . . (1) 

Precision: A metric of the model's optimistic 
forecast accuracy is called precision. A high 
precision number means that the model is 
frequently accurate in predicting the first stages of 
psoriasis.   
Precision =   $%

			$%&)%
 ………(2) 

• True Positives (TP) are instances where 
the model correctly identifies early-stage 
psoriasis. 

• False Positives (FP) are instances where 
the model incorrectly predicts psoriasis 
when it is not present. 

Recall: It also known as sensitivity or actual 
positive rate is a metric in the context of a 
Confusion Matrix.  
Recall =   $%

			$%&)'
……….(3) 

F1- Score: A binary classification model's 
performance is determined using a metric called the 
F1-score, which is often referred to as the F1 
measure or F1-value.     
F-score = 2 × %*+,-.-/#∗1+,233

%*+,-.-/#&1+,233
  …..(4) 

 
IV. RESULTS 

Below is the detailed performance of proposed 
method which is compared with traditional 
machine learning classifiers, 
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Fig. 4.1 Dataset used from Kaggle  
The dataset which is used for prediction of anaemia 
is collected from the Kaggle portal and which has 
different features such as Gender, Hemoglobin, 
MCH, MCHC and MCV, etc.  

 
Fig. 4.2 Bar Graph of Datasets Class Labels 
In dataset, there are two labels such as Not Anemic 
and Anemic, these two labels are shown with their 
count. 

 
Fig. 4.3 Performance Comparison of all different 
Classifiers using Bar Graph  
Different machine Learning algorithms are used for 
prediction of anemia disease from the patient input 
data. It is observed that extension hybrid model 
which is hybrid of different machine learning 
algorithms is performing better compared to the 

state of art algorithms. So, for further prediction, 
hybrid model is used for prediction of anemia from 
the user’s input data. 
 

 
Fig. 4.4 SHAP Features for Proposed Method  
In the above figure explainable ai is used which 
shows the importance of features for prediction of 
anemia disease. This graph explains which features 
are most important or most affecting the final 
prediction of anemia disease. 

 
Fig.4.5 LIME explanation of anemia prediction  
LIME explanation provides the local explanation of 
the proposed anemia prediction results. In this 
application both local and entire explanations are 
given which includes LIME and SHAP explainable 
AI models. 

 
Fig. 4.6 Predicted Results in the web application 
using Proposed Method 
The web application has been designed to take the 
user input and predicted results by the hybrid 
proposed model of anemia prediction are shown on 
the web application. Web application is more 
interactive way to communicate with users and this 
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application provides easy interface and less time 
complex with global support for the users. 

V. CONCLUSION  
In this work the Explainable AI methods are 
employed along with machine learning algorithms 
to create a clear concept of an anaemia prediction 
model. The hybrid model and SVM are the most 
effective in terms of accurately classifying anaemic 
situations. SHAP combined with LIME enhances 
usability and confidence in a clinical context by 
providing brief explanations to forecasts. On the 
whole, the model is a reasonable trade-off between 
interpretability and accuracy, and it can be used in 
practice in real healthcare settings. 
FUTURE SCOPE 
In the future, bigger and more diverse datasets can 
be employed to enhance generalization of the 
model. Even further enhancement of performance 
can be gained by combining deep learning with 
image-based analysis and allow non-invasive 
detection. The system can also be used as a real-
time online or mobile application to be useful in 
healthcare applications. It can also be useful to 
extend the framework to multi-disease prediction 
and improve methods of explanation to increase its 
overall effect and usefulness. 
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