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Abstract
Objectives: The primary objective of this research is to create prediction
models with machine learning algorithms that can detect blood illnesses
in their early stages, including sickle cell disease, leukemia, anemia, and
lymphoma.Methods: Reducing the amount of deaths linked to these illnesses
and increasing the precision of disease detection. The study used machine
learning algorithms: Decision Tree, Random Forest, and XGBoost classifier, and
it used a dataset of complete blood count reports. Based on the characteristics
of the total blood count, these algorithms were trained on the dataset to
forecast the probability of blood diseases. Findings: According to the study,
there is a better chance of a cure for blood problems since machine learning
models can correctly detect them in their early stages. The findings imply
that using predictive models can both lower the death rate and enhance the
quality of life for those with these conditions. With a 99.10% accuracy rate,
the Random Forest method outperforms other algorithms like Decision Tree,
and XGBoost. Novelty: This research is unique because it uses a dataset of
complete blood count reports results to use machine learning algorithms for
blood condition prediction. Healthcare systems may detect blood problems
early on and enhance patient outcomes by using classifier algorithms such as
Decision Tree, Random Forest, and XGBoost. This opens up new avenues for
illness identification.
Keywords:Machine Learning; Decision Tree; Random Forest; XGBoost; Blood
Diseases

1 Introduction
The body uses blood as its main fluid for nourishment, oxygen, and waste removal, all
of which are critical for human existence (1). Physicians frequently utilize blood testing
as a diagnostic method to assess the health of their patients; the test used will depend
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on a number of variables, including the patient’s gender, symptoms, and underlying medical issues (2). Blood tests by
themselves are unable tomake a conclusive diagnosis, but when paired with other clinical indicators, they can provide insightful
information that supports a doctor’s diagnosis (1). The medical field of hematology, which focuses on blood abnormalities,
includes a variety of illnesses, such as sickle-cell anemia, dengue fever, lymphoma, and anemia.

The importance of machine learning algorithms in medical research, especially in illness prediction, has been emphasized
by recent publications (2). However, the quality of the data collected has a significant impact on how accurate these algorithms
are. Prior studies on hematological illnesses have mostly employed conventional machine learning techniques like Decision
Tree and Random Forest algorithms to target certain ailments, such as hemolytic anemia and anemia (3,4). However, to detect a
wider variety of blood-related disorders, a more thorough method is required.

By using machine learning algorithms, like XGBoost, to identify different hematological illnesses and blood ailments based
on hemogram blood test data, this work seeks to close this research gap. This research also highlights the potential of machine
learning technologies to improve illness identification and treatment by offering a comprehensive overview of methods for
predicting various blood-related ailments.Theultimate objective of this project is to enhance patient outcomes by usingmachine
learning to create hematological disease diagnostic tools that are more precise and efficient.

The goal of this research is to investigate how machine learning algorithms may be used to diagnose a variety of illnesses,
with an emphasis on diabetes, heart disease, Parkinson’s disease, and anemia (5). Significant advancements in this field have been
made in recent years, as evidenced by a survey of the literature; this study attempts to address these knowledge gaps. This study
specifically seeks to:

1) Examine how well machine learning algorithms diagnose blood diseases and hematological problems.
2) Develop a thorough strategy to recognize a wider variety of blood-related disorders.
3) Offer a comprehensive review of techniques for forecasting various blood-related conditions.
4) Emphasize how machine learning techniques may improve illness diagnosis and care.
In order to improve patient outcomes by creating more precise and efficient diagnostic tools, our project intends to meet

these goals and add to the body of knowledge already available in the fields of hematology and machine learning.
Mitushi Soni and Sunita Varma, (2020), diabetes was 77% accurately diagnosed using the PIMA dataset from the UCI

source (6). G Abdurrahman, et. al, (2020), The UCI machine learning repository contains a utilized dataset of 188 Parkinson’s
disease patients from the Cerrahpa Ya Faculty of Medicine. The model’s accuracy score was 85.40% (7) and Nasif Wasek Fahim,
et. al., (2020), had a 94.87% accuracy rate in identifying individuals who had Parkinson’s disease using XGBClassifier (8).

Boshra Farajollahi et al. (2021), A decision tree was utilized to identify diabetes in 286 women of PIMA Indian ancestry who
were at least 21 years old. The precision was 79.87% and Random Forest Algorithm found accuracy of 83% (9). Mai, C. K., et. al.,
(2021), 1387 patients with 13 parameters were used to detect Anemia from Thalassemia and Sickle Cell Society using a decision
tree. It has a 95% accuracy rate and random forest identified 96% accuracy rate (10). Using the Random Forest Algorithm, Olta
Llahaa Amarildo Ristab (2021) indicated an accuracy of 63.75% (11), V. Jackins et al.’s (2021) prediction of heart disease, diabetes,
and cancer showed an accuracy for diabetes data of 74.03%, coronary heart disease data of 83.85%, and cancer data of 92.40% (12).
L. Akter et. al., (2021), concluded that 81% of the participants were suffering from Alzheimer’s (13) and In 2021, Nikisha Jadhav
and colleagues identified Parkinson’s illness with a 92% accuracy rate (14) using the XGBoost classifier.

Parth Verma and Vinay Chopra (2022), Using a C4.5 decision tree, anemia was diagnosed with 95.45% accuracy out of 200
instances containing 18 features. In this study, WEKA tools are employed (15). Boukhatem, Youssef, H. Y., and Nassif, A. B.
(2022) employed Support Vector Machine, Multilayer Perceptron, Random Forest, and Naïve Bayes to diagnose cardiovascular
illness; among these, the Support Vector Machine model yielded the best results, with 91.67% accuracy (16). Kartik Budholiya
et al. (2022), The University of California, Irvine’s online machine learning dataset was used to detect heart illness early on
with 91.8% accuracy repository for data mining (17). Srichand Doki, et. al. (2022), XGBoost was used to detect cardiac disease.
It has an accuracy of 85.96% (18). Dheiver Francisco Santos (2023) achieved a 93.33% detection accuracy rate for Parkinson’s
disease (18–21).

Althoughmachine learning is becomingmore andmore popular for diagnosing diseases, prior research has been constrained
by the small size of the datasets employed, which makes it impossible to adequately represent the complete population.
Furthermore, the research that have already been done have mostly concentrated on a limited number of machine learning
methods, failing to investigate other strategies that can raise efficiency levels. Moreover, a thorough comprehension of the
algorithms’ performance has been impeded by the absence of comparison with varied datasets, resulting in a notable knowledge
gap.

This work intends to overcome these constraints by making use of larger and more varied datasets in order to improve the
accuracy and generalizability of the results. This study aims to determine the best approach for disease detection and assess
the performance of several algorithms on different datasets by looking into a wider variety of machine learning techniques.
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This all-encompassing method will give a detailed grasp of the advantages and disadvantages of every algorithm, which will
ultimately guide the creation of machine learning models for illness detection that are more precise and effective.

This study is important because it has the potential to resolve current research gaps and advance the creation of better
machine learningmodels for illness diagnosis.This study intends to offer amore thorough knowledge of the function ofmachine
learning in disease diagnosis by resolving the shortcomings of earlier studies, which should ultimately result in better healthcare
outcomes.

2 Blood Related Diseases
Blood diseases and disorders can cause problems for a number of blood components, making it difficult for blood to function as
intended. There is a genetic component to many diseases and blood disorders. There are additional causes, such as inadequate
dietary intake of certain nutrients, negative medication responses, and other illnesses. Anemia and bleeding disorders similar
hemophilia are prevalent blood conditions. A lower than normal concentration of hemoglobin and red blood cells in the blood
is the cause of anemia. Hemochromatosis patients have elevated blood iron levels. Leukocytosis is caused by an excess of white
blood cells (WBC) in the blood compared to normal levels. Thrombocytopenia may ensue due to the blood’s low range of
platelet counts.

3 Proposed Method
Applying machine learning techniques to model and forecast illnesses based on blood data, such as Random Forest, Decision
Tree, and XGBoost. Figure 1 illustrates methodology for automatically detecting blood disease using machine learning
algorithms.

Fig 1. Proposed Method of Automatic Blood Disease Detection System using Machine Learning Algorithms

3.1 Data Set for Blood Diseases Analysis

Thecomplete blood count reports dataset, which included 4451 patients with 18 parameters, was downloaded from kaggle.com.
Table 1 lists the eighteen parameters that are present in each blood report (22–25).

3.2 Data Pre- Processing

The data were pre-processed to ensure reliability and remove noise. The Sklearn Python module’s simple imputer is used to
handle missing values in datasets. The data values were standardized in this step, and any incomplete or erroneous data was
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Table 1. Blood Components
Blood Component Cell Normal Range as per WHO
White blood cells WBC 4,000 to 11,000 cells/𝜇L
Neutrophil NE 2.0 to 7.0 x 109 cells per liter (cells/L)
Lymphocyte LY 1.0 to 4.8 x 109 cells/L
Monocyte MO 0.2 to 1.0 x 109 cells/L
Neutrophil Percent NE % 40% to 75%
Lymphocyte Percent LY % 20% to 45%
Monocyte Percent MO % 2% to 10%
Red Blood cells RBC Men: 4.5 to 5.5 million cells per microliter (million/𝜇L) Women: 4.0 to 5.0

million/𝜇L
Hemoglobin HB or

HGB
Men: 13.5 to 17.5 grams per deciliter (g/dL) Women: 12.0 to 15.5 g/dL

Hematocrit HCT Men: 38.8% to 50.0% Women: 34.9% to 44.5%
Mean Corpuscular Volume MCV 80 to 96 femtoliters (fL)
Mean Corpuscular Hemoglobin MCH 27 to 33 picograms (pg)
Mean Corpuscular Hemoglobin
Concentration

MCHC 32% to 36%

Red Cell Distribution Width RDW 11.5% to 14.5%
Platelet PLT 150,000 to 450,000 platelets/𝜇L
PCT PCT 0.108 to 0.282 (or 0.108 to 0.282 x 106/𝜇L)
MPV MPV 7.2 to 11.2 femtoliters (fL)
PDW PDW 9.6% to 15.2%

dealt with and the data values had to be normalized. One popular technique for providing category information in a numerical
representation is label encoding. Label encoding is the procedure that converts categorical variables into numerical values.
Every single data point in this labeled dataset was linked to the relevant disease class. Training and testing sets were created
from the pre-processed data. In this research utilise, 80% of your data for training and 20% for testing. In order to improve the
performance of the chosen model, its parameters were calibrated using the training set. This step gave the model knowledge
about the relationships between the traits of the blood illness and its effects.

3.3 Machine Learning Approach used by Automatic Blood Disease Detection System

The importance ofmachine learning approaches for detection and decisionmaking is being recognized by an increasing number
of fields. Through the use of machine learning techniques, illness prediction can be finished rapidly and with great accuracy.

3.3.1 Decision Tree
A tree structure is used in this form of classifier, where nodes are features with values, branches are decision rules, and leaves are
decisions or outputs. It uses basic decision rules inferred from training data to build a training model that forecasts the value or
class of the target characteristics.Thedecision and the leaf are the two nodes thatmake up a decision tree. Leaf nodes, or decision
nodes, are nodes that make decisions. Decision nodes have many branches, but leaf nodes have no extra branches (2,23,25).

The fundamental step in building a decision tree is choosing the optimal characteristic to divide the data into. This is done
by applying metrics such as Gini impurity, entropy, or information gain (26).

Gini Impurity: Indicates the probability that a new instance would be incorrectly classified if it were randomly classified
based on the dataset’s class distribution.

𝐺𝑖𝑛𝑖 = 1−∑𝑛
𝑖=1 (𝑝𝑖)2 (1)

Where, p𝑖 denotes the likelihood that an instance will belong to a specific class.
Entropy: Quantifies the degree of unpredictability or contamination within the dataset.

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = − ∑𝑛
𝑖=1 𝑝𝑖 𝑙𝑜𝑔2(𝑝𝑖) (2)
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Where, p𝑖 denotes the likelihood that an instance will belong to a specific class
Information Gain: Quantifies the decrease in entropy or Gini impurity following the partitioning of a dataset based on a

feature.

𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝐺𝑎𝑖𝑛 = 𝐸𝑛𝑡𝑟𝑜𝑝𝑦 𝑝𝑎𝑟𝑒𝑛𝑡 ∑𝑛
𝑖=0 (∣𝑋𝑖

𝑋 ∣∗𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑋𝑖) (3)

Where, X𝑖 is X’s subset after it has been divided according to a feature.

3.3.2 Random Forest
This study made use of the Random Forest Algorithm. Using training records with their labeled classes, a random forests
classifier generates a large number of decision trees. This is a system for grouping band education. After the creation of the tree,
the unclassified records may be described (27,28).

The following can be used to summarize the general formula that Random Forest uses to produce predictions:

̂𝑦 = 𝑚𝑜𝑑𝑒( ̂𝑦1, ̂𝑦2, ...., ̂𝑦𝑛) (4)

Where ŷ is the final prediction and ŷ𝑖 are the predictions from individual trees.

3.3.3 XGBoost
”Extreme Gradient Boosting” is what this acronym stands for. Decision trees are used as classifiers in the gradient boosting
(GB) method, which is referred to as XGBoost. Scalability, efficiency, and speed are the reasons for its implementation. Here is
how GB and XGBoost are often interpreted:

To put it briefly, Gradient Boosting and XGBoost have the following explanations. A dataset of n observations is indicated
by the notation D = [x, y], where x stands for the feature (independent variable) and y for the dependent variable Using Ŷi as
the forecast for the ith sample at the bth boost, we have the B function to predict the result in GB assuming there is a k amount
of boosting. The symbol f𝑏 represents a tree structure q, where leaf j has a weight score w𝑗.

Finally, by adding together the scores for each leaf, the final prediction for a given sample xi may be found, as illustrated in
Equation (1).

̂𝑦𝑖 = ∑𝐾
𝑘=1 𝑓𝑘(𝑥𝑖) (5)

For XGBoost, the goal function L can be expressed as follows:

𝐿 = ∑𝑛
𝑖=1 𝑙 (𝑦𝑖, ̂𝑦𝑖)+∑𝐾

𝑘=1 Ω(𝑓𝑘) (6)

3.4 Automatic Blood Disease Detection System

Created and built Artificial Intelligence Predictive Models [Figure 2] and Algorithms for Blood Disease Detection Using
Haemogram Report Datasets. For this objective, several machine learning architectures were taken into account like Decision
Trees, Random Forests, and XGBoost. When the patient and the doctor are shown the results, the counsellor can talk about any
further treatments or medical interventions that might be required.

The process of the Haemogram Report Dataset-Based Automatic Blood Disease Detection System. The report generated by
the blood test (haemogram) or pathology test includes the outcomes of entering blood parameters into the input fields of the
Automatic Blood Disease Detection System Based on Haemogram Report Dataset. The blood parameter values of XYZ user
provided in Table 2.

In compliance with WHO criteria and pathological standards, blood parameter readings are examined, and blood illnesses
are determined based on the values of these parameters (high or low).

The blood test (hemogram) results above indicate that anemia was found when the hemoglobin and hematocrit parameter
levels were low or decreased from a normal range. The doctor can obtain further guidance for medical therapy, particularly
for common or blood disorders, with the use of the Automatic Blood Disease Detection System Based on Haemogram Report
Dataset. Furthermore, depending on the circumstances found, the system can suggest a prescription or suggest a course of
action.
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Fig 2. Automatic Blood Disease Detection System

Table 2. Blood Test (Haemogram) Report Values Inserted into Automatic Blood Disease Detection System
Blood Parameters Values Blood Parameters Values
WBC 6.6 HCT 29.9
LY 1.8 MCV 75.2
MO 0.5 MCH 22.2
NE 4.3 MCHC 79.6
LY (%) 27.3 RDW 13.3
MO (%) 7.3 PLT 303
NE (%) 65.4 PCT 0.18
RBC 3.96 MPV 9.0
HGB 8.8 PDW 11.8
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3.5 Evaluation

Determine the efficacy of theAutomatic BloodDiseaseDetection SystemBased onHaemogramReport dataset predictivemodel
by using pertinent assessment criteria. Compare their results with those of reliable diagnostic methods in terms of Confusion
Matrix, accuracy, recall, precision, f1-score, classification report, and confusion matrix.

Table 3. Confusion Matrix
Actual Value

Positive Negative

Predicted Value
Positive True Positive (TP) False Positive (FP)
Negative False Negative (FN) True Negative (TN)

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇 𝑟𝑢𝑒 𝑃 𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑇 𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
𝑇 𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 +𝑇 𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 +𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 (7)

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇 𝑟𝑢𝑒 𝑃 𝑜𝑠𝑖𝑡𝑖𝑣𝑒
𝑇 𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 (8)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇 𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
𝑇 𝑟𝑢𝑒 𝑃 𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 (9)

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2. 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 . 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 (10)

Evaluating accuracy, recall, precision, and f1-score involves using formulas Equations (7), (8), (9) and (10) (24,29). An assessment
categorization report is also utilized to calculate all of the above.

The performance of a binary classification model is evaluated using a graphical representation known as the Receiver
Operating Characteristic (ROC) curve (30). At different threshold values, it compares the True Positive Rate (TPR) versus the
False Positive Rate (FPR) in Equations (11) and (12) .

𝑇 𝑃𝑅 = 𝑇 𝑟𝑢𝑒 𝑃 𝑜𝑠𝑖𝑡𝑖𝑣𝑒
𝑇 𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 (11)

𝐹𝑃𝑅 = 𝐹𝑎𝑙𝑠𝑒 𝑃 𝑜𝑠𝑖𝑡𝑖𝑣𝑒
𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑇 𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 (12)

An indicator of a binary classification model’s effectiveness is the Area Under the Curve (AUC). It alludes to the region beneath
the Receiver Operating Characteristic (ROC) curve. Higher values indicate greater model performance. The AUC-ROC value
is a numerical number between 0 and 1.

4 Results and Discussion
In this study, we used three machine learning algorithms Decision Tree, Random Forest, and XGBoost to identify particular
blood-related issues or diseases using a dataset of 4451 records with 18 distinct blood parameters. We conducted exploratory
data analysis to determine the correlations between the attributes, which included correlation matrix analysis and dataset
description.

Label encoding was used in this study after the dataset was pre-processed into train and test sets. A random forest classifier
was then used to assess the algorithms’ performance. Confusion matrices [Figures 3, 4 and 5] and classification reports, which
included key performance indicators like accuracy, precision, recall, and F1-score, were used to evaluate the classification
models’ performance.
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Fig 3. Confusion Matrix and Classification Report of Decision Tree Classifier

Fig 4. Confusion Matrix and Classification Report of Random Forest Classifier

Fig 5. Confusion Matrix and Classification Report of XGBoost Classifier
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Fig 6. ROC for Decision Tree, Random Forest and XGBoost for Multi-class Dataset

This study used ReceiverOperatingCharacteristic (ROC) curves, an extension of the binary ROC curve, to assess themodels’
performance in amulti-class classification context. In Figure 6, the ROC curves for each predicted class value using theDecision
Tree, Random Forest and XGBoost classifier are displayed.

The findings of this study indicate that the XGBoost model had an accuracy of 96.07%, whilst the Random Forest and
DecisionTree classifiers had accuracies of 98.20% and 98.43%, respectively. Table 4 displays each algorithm’s accuracy, precision,
recall, and F1-score.

Table 4. Illustrated the Accuracy, Precision, Recall and F1-score of Decision Tree, Random Forest and XGBoost
Classifier Precision Recall F1-Score Accuracy
Random Forest 0.9843 0.9843 0.9843 98.43%
Decision Tree 0.9820 0.9820 0.9820 98.20%
XGBoost 0.9607 0.9607 0.9607 96.07%

Our results show a significant improvement in accuracy compared to earlier research. For instance, research by Parth Verma
et al. (2022) found that a Decision Tree classifier could diagnose anemia with 95.45% accuracy (19) and a 95.32% accuracy rate
for diagnosing anemia comparable job using a RandomForest classifier (19).With an accuracy of 96.07% for the XGBoostmodel,
98.20% for the Decision Tree, and 98.43% for the Random Forest classifier, our study performs better than these earlier reports
presented in Table 5.

With an accuracy of 98.43%, our suggested model has shown remarkable performance in identifying a broad range
of blood-related conditions, such as Acute or Chronic Blood Loss, Anemia, Autoimmune Disease, Hemolytic Anemia,
Immunosuppression, Inflammation, IronDeficiency, Leukopenia, Lymphoma,Normal, PerniciousAnemia, Sickle Cell Disease,
and Stress. The Random Forest method notably obtained an exact accuracy score of 1.0 under these circumstances.

https://www.indjst.org/ 19

https://www.indjst.org/


Gaikwad et al. / Indian Journal of Science and Technology 2025;18(1):11–22

Table 5. Accuracy differentiation between other Model and this Model
Author Diseases Dataset Accuracy
Manish Jaiswal, et. al. (2018) (7) Anemia 200 with attributes 18 Decision Tree =95.46% Ran-

dom Forest =95.32%
Mai, C. K.,et. al., (2021) (11) Anemia 1387 with attributes13 Decision Tree= 95% Random

Forest= 96%
Parth Verma, et. al. (2022) (17) Anemia 200 with attributes 18 Decision Tree =95.45% Ran-

dom Forest= 95.32%
This Model Acute or Chronic Blood

Loss, Anemia, Iron Defi-
ciency Autoimmune Dis-
ease, Hemolytic Anemia,
Lymphoma, Pernicious
Anemia

4451 with attributes 18 Decision Tree =98.20% Ran-
dom Forest= 98.43%

Additionally, our investigation has discovered a greater number of blood-related conditions, such as immunosuppression,
inflammation, iron deficiency, lymphoma, pernicious anemia, and others, that were not previously studied.Thiswider spectrum
of conditions emphasizes the originality and importance of our study and shows how our methodology may offer a more
thorough understanding of blood-related conditions.

Our model has the potential to transform the diagnosis and treatment of blood-related illnesses, as seen by its improved
performance and expanded range of illnesses it can identify. Our study’s uniqueness and importance are highlighted by a
comparison analysis with the body of existing literature, which also underlines the necessity for more research in this field.

Our approach is new in that it applies XGBoost, a potent machine-learning algorithm, to the identification of blood diseases.
In comparison to more conventional machine learning algorithms like Random Forest and Decision Tree, our study shows that
XGBoost is effective in reaching high accuracy. Accuracy, precision, recall, and F1-score are just a few of the criteria that our
study uses to provide a thorough assessment of each algorithm’s performance.

In conclusion, research offers a new and efficient method XGBoost for identifying blood-related illnesses, with a high
accuracy rate and a wider variety of identifyable disorders. The capacity of our study to offer more thorough insights into
blood-related disorders makes it distinctive and a significant contribution to the discipline of hematology. Our findings have
important ramifications for the creation of more precise and effective diagnostic instruments for illnesses involving the blood.

5 Conclusion
This study used machine learning algorithms on aberrant blood test findings to generate precise and timely curative analysis
for illness therapy. Our study developed hemopathological condition prediction models, with the Random Forest approach
obtaining the greatest accuracy of 99.10%. This research offers medical practitioners an effective and trustworthy diagnostic
tool. Although our study expands on earlier studies, we are aware of its limitations. Subsequent research endeavorsmay enhance
the precision of alternative machine learning methods, like XGBoost, and investigate the utilization of our models in authentic
clinical environments. To improve the results of illness therapy, more studies can look into how our models can be integrated
with other diagnostic instruments.

This work offers a unique method for utilizing machine learning algorithms on aberrant blood test data to predict
hemopathological diseases. The motivation for this research is the demand for quick and precise illness diagnosis. A vital
medical test called a total blood count can identify several signs of illness. Our goal is to overcome the shortcomings of earlier
research by developing models for hemopathological condition prediction.

With an accuracy of 99.10%, the Random Forest approach is superior to other algorithms; Decision Tree classifiers come in
secondwith 98.87% accuracy, while XGBoost comes in third with 96.63% accuracy. Our research indicates increased prediction
accuracy for blood-related disorderswhen compared to earlier studies. As a trustworthy and effective diagnostic tool formedical
practitioners, our results meet the goals of this study. The most useful algorithm for forecasting hemopathological situations is
the Random Forest approach, which provides readers with a fresh piece of knowledge. Our study offers specific advice on how
medical practitioners should use this method for diagnosing illnesses.
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