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Abstract— This project focuses on the
development of an intelligent system for
predicting anaemia using machine learning
techniques. The system is implemented using
Python in a Jupyter Notebook environment and
utilizes a structured dataset containing patient
health attributes. Various algorithms such as
Decision Tree, K-Nearest Neighbors, Support
Vector Machine, and Gradient Boosting are
applied to analyze and classify anaemia
conditions. A hybrid model is also proposed to
improve prediction accuracy. The dataset is
preprocessed through normalization and feature
extraction techniques to enhance model
performance. Evaluation metrics such as
accuracy, precision, recall, and Fl-score are
used to compare models, where the hybrid
model achieved the highest accuracy.
Visualization techniques and interpretability
tools like LIME and SHAP are used to explain
predictions. Additionally, a Flask-based web
application is developed to provide a user-

friendly interface for real-time anaemia
prediction.
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I. INTRODUCTION

Anaemia is a common health condition that affects
millions of people worldwide and occurs due to a
deficiency of healthy red blood cells or hemoglobin
in the body [1], [2]. Early detection is crucial to
prevent serious health complications and improve
patient outcomes [5]. Traditional diagnostic
methods often require laboratory testing and
medical expertise, which may not always be
accessible in remote or underdeveloped regions [6].
With the rapid advancement of technology,

machine learning has emerged as a powerful tool in
the healthcare sector to assist in disease prediction
and diagnosis [7], [8]. By analyzing patient data
and identifying hidden patterns, machine learning
models can provide quick and accurate predictions
[4]. This project aims to leverage machine learning
techniques to develop an efficient system for
predicting anaemia based on patient data, thereby
supporting healthcare professionals and improving
decision-making processes.

The main objective of this project is to design and
implement a predictive model that can accurately
classify individuals as anaemic or non-anaemic
using clinical data. The dataset used in this project
contains various features such as age, gender, and
blood parameters that are relevant to anaemia
diagnosis. Before applying machine learning
algorithms, the dataset undergoes preprocessing
steps including handling  missing  values,
normalization, and feature scaling to ensure better
performance. Different classification algorithms
such as Decision Tree, K-Nearest Neighbors,
Support Vector Machine, and Gradient Boosting
are applied to the dataset [3], [4]. Each algorithm
has its own strengths and limitations, and their
performance is evaluated using standard metrics.
By comparing these models, the most effective
algorithm can be identified for accurate anaemia
prediction.

In addition to applying individual machine learning
models, this project also introduces a hybrid model
that combines the strengths of multiple algorithms
to improve prediction accuracy. The hybrid
approach helps in reducing errors and increasing
the reliability of predictions. Model evaluation is
performed using various performance metrics such
as accuracy, precision, recall, and F1-score.
Visualization techniques like confusion matrix and
ROC curves are used to better understand model
performance. Furthermore, interpretability plays a
crucial role in healthcare applications, and tools
like LIME and SHAP are used to explain how
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different features contribute to the prediction
results [9], [10], [11], [12], [14]. These
interpretation methods enhance transparency and
help users trust the system by providing clear
insights into the decision-making process of the
models.

Il. RELATED WORK

McLean et al., (2008) [1] McLean et al. conducted
a global study to estimate the prevalence of
anaemia using data from the WHO nutrition
database. Their research covered multiple countries
and highlighted the widespread impact of anaemia
across different populations. The study emphasized
that anaemia is a major public health concern,
especially in developing regions. It identified
women and children as the most affected groups.
The authors used statistical analysis to evaluate
trends over time. Their findings showed that
nutritional deficiencies are a primary cause of
anaemia. This work provides a strong foundation
for understanding the global burden of the disease.
It also highlights the need for early detection and
intervention strategies. The study supports the
importance of data-driven approaches in healthcare
research.

Gardner et al., (2020) [2] Gardner et al. presented
a comprehensive analysis of anaemia prevalence
and its causes across 204 countries over nearly
three decades. Their research provided detailed
insights into regional and national variations in
anaemia cases. The study utilized large-scale health
data and advanced modeling techniques. It
identified key contributing factors such as
malnutrition and chronic diseases. The authors also
examined changes in anaemia trends over time.
Their findings indicated that despite improvements,
anaemia remains a persistent issue globally. The
study emphasized the importance of targeted
healthcare policies. It also highlighted the need for
improved  diagnostic  tools.  This  research
contributes valuable knowledge for developing
predictive healthcare systems.

Asare et al., (2023) [4] Asare et al. explored the
use of machine learning for detecting iron
deficiency anaemia using image-based data. Their
study analyzed images of fingernails, palms, and
eye conjunctiva. The authors applied different
machine learning models for classification tasks.
The results showed promising accuracy in
identifying anaemia conditions. The study
highlighted the potential of non-invasive diagnostic
methods. It reduces the need for traditional blood
tests. The authors emphasized the importance of
image processing techniques. Their research
supports the integration of Al in medical imaging.
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This approach can
healthcare services.

improve accessibility to

Sadiq et al., (2021) [3] Sadiq et al. focused on the
classification of B-thalassemia carriers using
machine learning techniques. They used red blood
cell indices as input features for their model. The
study implemented an ensemble classifier to
improve prediction accuracy. Their approach
demonstrated better performance compared to
traditional methods. The authors highlighted the
effectiveness of combining multiple algorithms.
The results showed that machine learning can assist
in early disease detection. This study also
emphasized the importance of feature selection in
improving model outcomes. It contributes to the
growing use of Al in medical diagnosis. The
research supports the development of intelligent
healthcare systems.

Dimauro et al, (2020) [6] Dimauro et al.
conducted a systematic review of non-invasive
technologies for anaemia assessment. Their study
examined various research works in this domain.
The authors analyzed different devices and
techniques used for diagnosis. They highlighted the
advantages of non-invasive methods in patient
comfort and safety. The study also discussed the
limitations of existing technologies. It emphasized
the need for more accurate and reliable systems.
The authors suggested future research directions in
this field. Their work provides a comprehensive
overview of current advancements. It supports the
development of innovative diagnostic solutions
using modern technologies.

I11. DATASET DETAILS

The dataset used in this project is related
to anaemia detection and contains structured
medical information collected from patients. It
includes several important attributes such as
gender, hemoglobin level, and other blood-related
parameters that are essential for identifying
anaemia conditions. Each record in the dataset
represents an individual patient, and the target
variable indicates whether the person is anaemic or
not. The dataset is clean and well-organized, with
no missing values observed during the initial
analysis phase. This ensures that the model can be
trained effectively without the need for extensive
data cleaning. Exploratory data analysis was
performed to understand the distribution of
features, where graphical representations such as
count plots and histograms were used. These
visualizations helped in identifying patterns and
relationships between different variables, providing
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a better understanding of how various factors
influence anaemia classification. o e e
The dataset was further processed to B =i R - [j]
prepare it for machine learning model training. The ¢ " -
input features (independent variables) and target -l X~ e
labels (dependent variable) were separated for - o '—;—“
analysis. Feature scaling was applied using b hanes T e
normalization techniques to bring all values into a ﬂﬁ-‘ A |
consistent range, which helps improve model ' s e \
performance and stability. The dataset was then m [ e

divided into training and testing subsets, with 80%
of the data used for training the models and the
remaining 20% used for evaluating their
performance. This split ensures that the model can
generalize well to unseen data. Additionally,
statistical analysis and visualization techniques
such as box plots were used to examine feature
distributions and detect any outliers. Overall, the
dataset plays a crucial role in building an accurate
and reliable anaemia prediction system by
providing meaningful and relevant information for
model learning.

IV. PROPOSED METHODOLOGY

The proposed system follows a structured machine
learning approach to predict anaemia using patient
data. Initially, the dataset is loaded and analyzed to
understand its structure, feature distribution, and
class balance. Preprocessing steps are applied,
including separating input features and target
labels, followed by normalization using a standard
scaling technique to ensure consistent feature
values. The cleaned dataset is then divided into
training and testing sets using an 80:20 ratio. This
step helps in building a model that can generalize
well to unseen data. Visualization techniques are
also used to better understand patterns and
relationships among features.

Multiple  machine learning algorithms are
implemented to evaluate their effectiveness in
predicting anaemia. Models such as Decision Tree,
K-Nearest Neighbors, Support Vector Machine,
and Gradient Boosting are trained using the
training dataset. Their performance is measured
using evaluation metrics like accuracy, precision,
recall, and Fl-score. A hybrid model is then
developed to combine the strengths of individual
algorithms and improve overall prediction
accuracy. Additionally, interpretability methods
like LIME and SHAP are used to explain
predictions. Finally, the best-performing model is
integrated into a Flask-based web application for
real-time anaemia prediction.

Figure [1] : System Architecture of Anaemia
Prediction System

Figure[1] This diagram illustrates the complete
workflow of the anaemia prediction system,
starting from dataset collection and preprocessing.
It shows how the data is split into training and
testing sets and processed using multiple machine
learning algorithms. The architecture includes
model evaluation using performance metrics and
interpretability techniques like LIME and SHAP.
Finally, the trained model is integrated into a Flask-
based web application to provide real-time anaemia
prediction results.

V.RESULT AND DISCUSSION

The experimental results demonstrate the
effectiveness of machine learning algorithms in
predicting anaemia using the given dataset.
Multiple models were trained and evaluated,
including Decision Tree, K-Nearest Neighbors
(KNN), Support Vector Machine (SVM), and
Gradient Boosting. Among these, the SVM model
achieved a high accuracy of 98%, showing strong
performance in classification tasks. The Decision
Tree and Gradient Boosting models also performed
well, with accuracy values around 88%, while
KNN showed comparatively lower performance at
74%. A hybrid model was further developed by
combining multiple algorithms, which significantly
improved the overall accuracy to 99.64%.
Evaluation metrics such as precision, recall, and
F1-score confirmed the reliability of the models.
Confusion matrix results indicated that most
predictions were correctly classified, with very few
misclassifications.  Additionally, ROC curves
showed good separation between classes,
confirming the models’ ability to distinguish
between anaemic and non-anaemic cases. The
results clearly indicate that advanced models and
hybrid approaches can significantly enhance
prediction accuracy.
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Figure [2] : Anaemia Dataset Loading and
Display in Jupyter Notebook

Figure [2] The notebook shows loading of the
anaemia dataset using a CSV file. The dataset
includes features like gender, hemoglobin, MCH,
MCHC, and MCV. Sample records are displayed
along with their corresponding results. The dataset
contains 1421 rows and 6 columns in total.

Figure [3] : Dataset Splitting and Model
Evaluation Setup

Figure [3] The dataset is divided into training
(80%) and testing (20%) sets. A total of 1136
samples are used for training and 285 for testing.
Global variables are defined to store accuracy,
precision, recall, and Fl-score. A function is
created to evaluate model performance using these
metrics.

Algorithm Accuracy Precision Recall gic-)re
o) o) [0)

Name (%) (%) (%) (%)

Decision  gg 491 88.449  89.432 88.352

Tree

KNN 74.737 84.810 70.000 69.616

SVM 98.596 08.387  98.788 98.567

Cradient o0 27 gg745  89.735 88.690

Boosting

Extension

Hybrid 99.649 99.689 99.583 99.640

Model

Table [1] : Performance Evaluation of Anaemia
Prediction Models
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Table [1] The table presents a comparative
performance analysis of different machine learning
algorithms used for anaemia prediction based on
key evaluation metrics. The Extension Hybrid
Model achieves the highest accuracy, precision,
recall, and F1-score, indicating superior overall
performance compared to other models. Among the
remaining methods, SVM also performs strongly,
while  KNN  shows comparatively  lower
effectiveness across the evaluated metrics.

All Algorthima Performance Geaph

100
804
0a
| Agaerter
©1 - ey
- rOer
’ 1 - frecmizn
- Aecw
. -
¢ : E z

]

Yoyt nd M

2o oo

»

Figure [4] : Performance Comparison of
Machine Learning Algorithms

Figure[4] The graph compares multiple algorithms
based on accuracy, precision, recall, and F1-score.
Hybrid Model and SVM show the highest
performance across all metrics.Decision Tree and
Gradient Boosting provide moderate and consistent
results. KNN shows relatively lower performance
compared to other algorithms.

Figure [5] : Test Data Prediction Using Hybrid
Model

Figure[5] The test dataset is loaded and
preprocessed by handling missing values. Data
normalization is applied before making predictions.
The hybrid model is used to classify test samples as
anemic or not anemic. Predicted results are
displayed for each test instance.

Figure [6] : User Interface for Web Application
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Figure[6] user is login by entering username and
password as ‘admin and admin’ to open the next
interface.

Figure [7] : Test Data Prediction

Figure [7] describes above screen in first column
can see test data values and in second column can
see predicted Anaemia type.

DISCUSSION

The findings of this study highlight the importance
of selecting appropriate  machine learning
algorithms for medical prediction tasks. The
superior performance of the SVM model suggests
that it is highly effective in handling structured
healthcare data with clear class boundaries.
However, the hybrid model outperformed all
individual models, indicating that combining
multiple techniques can reduce individual model
limitations and improve overall prediction
reliability. The use of preprocessing techniques
such as normalization played a key role in
enhancing model performance by ensuring
consistent  feature scaling. Furthermore,
interpretability tools like LIME and SHAP
provided valuable insights into feature importance,
helping to understand how predictions are made.
This is particularly important in healthcare
applications, where transparency is essential. The
integration of the model into a web-based system
improves accessibility and usability for real-world
applications. Overall, the study demonstrates that
machine learning can serve as a powerful tool for
early anaemia detection, supporting faster diagnosis
and better healthcare decision-making.

VI. CONCLUSION

This project successfully developed an efficient
system for predicting anaemia using machine
learning techniques. Various algorithms were
implemented and compared to identify the most
suitable model for accurate classification. Among
all models, the hybrid approach provided the
highest accuracy, demonstrating the advantage of
combining multiple techniques. Proper data
preprocessing, including normalization and feature

selection, played an important role in improving
model performance. The use of evaluation metrics
ensured that the models were reliable and effective
in prediction tasks. In addition, the integration of
interpretability methods such as LIME and SHAP
helped in understanding the contribution of
different features, making the system more
transparent and trustworthy. The deployment of the
model through a Flask-based web application made
it accessible and user-friendly for real-time
predictions. Overall, this system can support early
detection of anaemia and assist healthcare
professionals in decision-making, contributing to
better patient care and management.
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