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Abstract: Healthcare sector has always been one of the most important industries for humankind. As
Artificial Intelligence is automating several industries, use of Al and machine learning based
algorithms in healthcare is an incredible idea to improvise the way we look towards and perform
healthcare. One of the best ways to bring an AI/ML based change in healthcare is through first-hand
diagnosis of diseases. There are numerous blood related diseases, presence, or risk of which can be
assessed through analysing the basic blood report of a patient. Developing a machine learning model
to perform this analysis and flash the comments ‘risk” or ‘no risk’ on screen in seconds would be a
big advancement in the diagnosis sector, saving a lot of time and man force. This research paper
develops machine learning models to perform this first-hand blood related disease risk assessment
and also explores the processing of these black-box models through explainable AI (XAI) to ensure
the trustworthiness of these models for using them at scale. The machine learning models trained
and tested for the blood disease risk assessment are Logistic Regression, Decision Tree, Random
Forest and XGBoost and the best test accuracy obtained from these machine learning models is 100%.
The feature contributing the most to the prediction as recorded by XAl are MCV, MCH, HBG and
HBA.

Keywords: blood disease risk assessment; machine learning; analysis; Explainable Al (XAI);
performance metrics

I. Introduction

Blood related health issues pose a serious health concern for both patients and healthcare
professionals worldwide. There are numerous health problems which are primarily detected through
the blood report of the patient, which include ‘Anaemia’, ‘Vitamin B12 Deficiency’, ‘Chronic
Obstructive Pulmonary Disease (COPDY’, ‘Bleeding Disorders’, ‘Macrocytic Anaemias’, “Microcytic
Anaemias’ or any genetic disorders like ‘Thalassemia’. These diseases can lead to severe health
complications if not detected and managed in a timely manner [2]. The traditional method of
detecting these diseases is to get a blood report generated in the pathology lab and then get that
report checked by the doctor in order to know if there is a problem or not. This process is time
consuming and includes a lot of man force involved in it. Artificial Intelligence is known to
automate the tasks and optimizing it for the good of the user. In this case the first-hand analysis of
the blood report in order to check the potential risk of presence of any of these diseases can be
automated by incorporating artificial intelligence in the process. This approach of diagnosing the
presence of a disease can save a lot of time for patients while enabling healthcare professionals to
have a little bit of reduced workload. Incorporation of artificial intelligence in detecting the potential
risk of a blood related disease is technically a binary classification task. Using the machine learning
classification algorithms for automating the task of analysing the blood reports for disease risk
assessment is the way to bring Al in this process. There are several machine learning models for

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202503.0808.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 March 2025 d0i:10.20944/preprints202503.0808.v1

2 of 11

performing a binary classification ranging from regressions to probabilistic distributions like Logistic
Regression, Decision Tree Classifier, or XGBoost.

A. Problem Statement and Research Objectives

The accurate and in-time assessment of health issues related to blood is very crucial in effective
diagnosis and treatment of the disease. Traditional diagnostic methods involve manual interpretation
of blood reports at multiple levels which is time consuming, subjective, and prone to human error.
Therefore, there is a need for automated and trustworthy machine learning model to analyze blood
reports of patients and provide an accurate prediction regarding the potential risk of any kind of
blood related disease.

The objective of this research paper is to develop such machine learning model and test their
performance for the predictive task. Moreover, this study also explores the performance of the
machine learning models by checking the process of the prediction made by them using the
explainable artificial intelligence, which shows how predictions are being made by the machine
learning models. The analysis of processing of the machine learning model through XAI enables us
to decide for the best model to use for the task.

II. Literature Review

The use of Artificial Intelligence and Machine Learning algorithms in the healthcare sector to
alleviate the workload of healthcare professionals and enhance the convenience for patients is a
growing trend for several years now. Disease diagnosis is one of the many applications of machine
learning algorithms in healthcare sector. Based on the domain of this research project, there have
been earlier studies presenting Al and ML based solutions for similar problems. This section of the
research paper aims to analyse the current studies and understand the current state-of-art situation
in the domain.

Presenting a survey on various machine learning approaches for detecting thalassemia and
performing classification [10] explains that in diagnosing thalassemia, doctors rely on two types of
tests: a complete blood count (CBC) and a special haemoglobin test. Based on these reports, [10]
presents the result of the survey which analyse the performance of different classification machine
learning models to distinguish between thalassemia minor alpha and thalassemia major beta patients.
The survey and analysis clearly found and observed that certain machine learning algorithms such
as decision tree, SVM, KNN and ANN provide better accuracy in detecting and predicting the
thalassemia disease. Similar to this study, [8] presents a study for Beta Thalassemia carriers detection
using federated learning algorithms using a dataset generated through the HPLC reports of 5066
patients. The best accuracy by the FL-based model as recorded by [8] is 92.38%.

Furthermore, the study presented on blood disease detection using classical machine learning
algorithms, a topic similar to this study [11] presents a list of machine learning algorithms along with
their performance metrics which perform the blood analysis and analysing the presence of any
possible disease. The best machine learning model among many used is claimed to be ‘LogitBoost’
with an accuracy of 98.16%. Going one step deeper in the analysis, [18] presents their study on
predicting the level of anaemia among Ethiopian pregnant women using homogeneous ensemble
machine learning algorithms. They believe that using machine learning for such predictions can
reduce the diagnosis and contribute to saving deaths caused by anaemia in pregnant women. The
best accuracy among all the classification models trained is recorded at 97.6% by the cat boost
algorithm. Similarly, [2] presents their study on using machine learning algorithms for Anaemia
disease prediction. To train the model, they used the CBC report of 200 patients and trained 3
classification machine learning models, among which accuracy of the Naive Bayes algorithm is
recorded as the best one with 96.09% accuracy and the MAE at 0.0333.

Interestingly, [15] presents their research on detecting anaemia from retinal fundus images.
Understanding the severity of the disease and its connection with the retinal fundus, [15] presents
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deep learning based predictive model which detects the presence or risk anaemia through retinal
fundus images with best accuracy of 97.5%.

From the analysis of previous work in the field it can be concluded that studies have
experimented the incorporation of Artificial Intelligence and Machine Learning algorithms in
detecting or predicting the presence of blood related diseases like Anaemia, Thalassemia or more.
And many of them has presented remarkable conclusions. However, all of the studies were found to
present a machine learning or Al based solutions for predicting the presence of a specific blood
related disease or health issue, none of the studies were found to address the concern of first-hand
diagnosis of presence of any kind of blood related disease based on a basic regular blood report of
the patient. In addition, no study was found to explore the area of explainable Al to analyse the
processing of the proposed machine learning algorithms, which challenges the trust worthiness of
the presented solutions.

To overcome these gaps in the research, this study presents a comparative analysis of machine
learning model for initial or first-hand diagnosis of potential presence of any blood related disease
based on a basic blood report of the patient and also explores the interpretability of these models
through explainable AI (XAI).

III. Data Collection and Preprocessing

The raw dataset used to train, validate, and test the machine learning model for this project
contains the blood report of 1073 patients of a hospital in Iraq. The blood report contain 12 different
health parameters and the values as per the tests. The information about various healthcare
parameters along with the normal range for each is as listed in the table below. The dataset used was
made available by a Haematology centre in a hospital in Iraq. The motive of using this dataset is to
test and compare the performance of various machine learning classification models and compare
them to find the best one. The raw form of this dataset had multiple missing values, whereas the
columns ‘HBF’ and ‘Iron” were almost empty with only 5% of nonempty cells in them.

As these values can only be computed through a laboratory test and no other method can be
used to fill up these many empty values, these columns were dropped. The column ‘RBC” also had
35% of missing values in the dataset. The cells with no data were filled with the ‘RBC count’ obtained
by calculating the RBC count through other 2 columns of the dataset using formula (2) below.

MCH = HBG(g/dL) x 10/RBC count(million/uL) )
RBCcount(million/uL) = HBG(g/dL) x  10/MCH @)

The resulting dataset with no null values had 9 features for 1027 different patients. This is the
dataset which is finally used for training and testing the machine learning models and compare their
performances. The 9 features of the dataset contains unique and important information about a
patient’s blood health and thus are significantly important for the prediction. The 9 features of the
dataset are all numerical features, and the distribution of these can be seen in the graphs in Figure 1.
The distribution of “Age’ throughout the dataset after treating the unrealistic outliers can be seen as
aright skewed distribution, while the line graphs for other medical variables has sudden hikes in the
graph. These sudden hikes in the line graphs for 'MCV’, ‘MCH’ or ‘RBC’ variables shows the presence
of abnormal value of the variable and thus the potential risk towards a blood related disease.
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Figure 1. Line graph for all independent variables.

Abnormally high or low values of the variables is a clear indication of the risk or a health
problem in the human body. However, these are not the only indications. If the blood report records
the values of these values outside of the normal range as mentioned in Table 1, then there is a
potential risk of some issue in the body. The severity of the problem depends on difference between
the recorded value and the safe value. However, in this research paper, we are predicting the
potential risk of a disease and anything outside the normal range can be a sign of an underlying
disease, we formulated the conditional formula to mark the records as ‘Risk’ or ‘No Risk’. The
conditions used are formulated below in a pseudo code below.

if MCV <80 or MCV > 100 or HBG < 10 or HBG >
18 or MCH <25 0or MCH >320r RBC >5.50r HBA2>350r HBA>99:
return 'Risk’
else:

Based on these conditions, all the records with values return ‘No Risk’ out of the specified safe
range of these variables will be filtered and flashed as ‘Risk’ to the healthcare professional, who later
can examine the reports personally to check what is the real issue with the patient. For this task, we
need a binary classification machine learning model to accurately identify the abnormality and
flashes if the algorithm identifies ‘Risk’.
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Table 1. PARAMETERS AND THEIR DESCRIPTION.
Variable Description Normal Range
Name
ID Patient Identifier Unique for each
patient
Gender Patient sex 0 aFemale;1a
Male
Age Patient’s age in years Always >0
MCV Mean  Corpuscular Volume 80 -100
HBG Haemoglobin (in grams per decilitre) Female a 11.9 -
14.8
Male 2 13.6 -16.9
MCH Average amount of haemoglobin in the averagered | 27 - 32
cell
(picograms for adults)
RBC Red Blood Cell Female a 3.8 -5 Male a 4.2 -
(10"6/microlitre) 5.7
HBA2 Haemoglobin A2 (1-3) %
HBA Haemoglobin A (>97) %
HBF Haemoglobin F (Fetal Haemoglobin) (<1 %
Iron Iron in blood cells (micrograms per 60-170
decilitre)

IV. Machine Learning Models

A. Logistic Regression

Logistic Regression is regression-based classification model used for binary classification tasks.
This is statistical model where the goal is to predict the probability of an instance belonging to a class.
In logistic regression, the independent or input variables are linearly combined using weights and
coefficients and further transformed using an activation (logistic or sigmoid) function. This
transformation maps the linear combination to a probability value in the range [0, 1], representing
the likelihood of the instance belonging to the positive class. The mathematical equation for the
logistic regression model can be seen in equation (3) below.

po-t | x = 1 / @1 + exp(-(wo+ wi™xit .. +  wn'xn))) (3)
where, py=11x) is the probability of the positive class for X as the given input feature., wo, wi, ..., wn
are the model coefficients or weights, x1, x, ..., Xn represents the input features, exp(x) represents the
exponential function.

B. Random Forest Classifier

Random Forest Classifier is a machine learning model which combines multiple decision trees
and use their outputs to formulate the final predictions. It is a powerful and versatile algorithm
known for its ability to handle complex datasets with high accuracy score. The workflow of Random
Forest Classifier algorithm is as: Random Sampling, Building Decision Trees, Voting for Predictions, and
at last Ensemble Aggregation. The random forest classifier algorithm is known for its accuracy and
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ability of work well with big and complex and multidimensional datasets while managing to avoid
overfitting. The key aspects of this algorithm are: Random feature selection, Bootstrap aggregating,
Decision tree diversity, Prediction confidence.

C. Decision Tree Classifier

The Decision Tree Classifier is a supervised learning algorithm which can be used for both
classification and regression tasks. This algorithm builds a tree like model for decision making and
generating the possible consequences of that. The process in which the algorithm processed the data
and generates the output is to first select the best feature to perform the split, then split the data,
repeat this process until you reach the saturation and at the end assign the class labels. The formula
used to determine the split the dataset into homogeneous subsets in decision tree algorithm can either
be the Gini Impurity, Entropy, or Information Gain. Here, Gini Impurity is a measure of the degree
of impurity in a node. In quantifies the probability of misclassifying a randomly chosen element is
the node. Whereas Entropy is a measure of the level of impurity or disorder is a node and Information
Gain measures the reduction in entropy or impurity achieved by splitting the dataset on a particular
feature. The formulas for these are given in the equations below.

Gini (node) = 1 - X (p(i)2) 4)
Entropy (node) = - X (p(i)*  log(p(i)) )
IG = Entropy (parent) —  WAE(children) (6)

where, p(i) is the probability of an element belonging to class ‘i’ in the node, IG is Information Gain,
and WAE is Weighted Average Entropy.

The resulting decision tree represents a hierarchical structure of decision rules, where each
internal node represents a test on a feature, and each leaf node represents a class label or a regression
value. The final prediction of the algorithm is based on the class label assigned to the leaf node at the
end of the decision tree structure.

D. Extreme Gradient Boosting (XGBoost)

XGBoost or Extreme Gradient Boosting is an ensemble learning algorithm which combines the
power of gradient boosting with the set of enhancements to improve the performance and
generalization of the machine learning model. This model is based on the concept of boosting which
created a strong learner i.e.,, Robust predictive model, by combining multiple weak learners i.e.,
Individual Decision Trees. The formula used in XGBoost algorithm for updating model’s predictions
at each iteration is given below in equation (7)

MP = PMP + (LR x TP) (7)

Where ‘learning rate’is a  hyperparameter that controls the contribution of eachtree
to the Dinal prediction, and ‘treeprediction’ is the output of the newly
added decision tree.The Dinal  prediction of this model is the sumof the
predictions  from all the individual trees.

V. Experimental Setup and Evaluation Metrics

The dataset obtained after removing the null values and treating the outliers has 10 features
including the target variable ‘Risk’. The column containing the unique ID for each new instance is
not very relevant and contributing to the final prediction and therefore is dropped given us the
dataset of shape (1027, 9). This dataset is further divided into the set of independent features and the
target variable. After getting two datasets as X and y for independent and target features respectively,
the test, train, and validation split is performed keeping the test size at 0.2 and random state at 42
first for train and test split and then for test and validation split. As the original dataset is imbalanced
for the number of records/instances for each class, the training dataset obtained after the random split
is also imbalanced. Thus, using the ‘smote’ function on training datasets, random oversampling is
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performed to obtain a balanced dataset to train the machine learning models. Random under
sampling is performed only on the training dataset in order to prevent data leakage among train,
validation, and test datasets. The shape of final training dataset is (1156, 8) and (1156, 1) for input
variables and target feature. These datasets are used to train the machine learning models for
performing the prediction for assessing the risk of any kind of blood related disease based on the
blood report of the patient.

The evaluation metrics used to assess the performance of the machine learning models are
Precision, Recall, and F1 Score which are calculated with the help of the confusion metrics. The
formulas for calculating the value of these parameters are mentioned in equation (13) to (15) below,
where TP is for true positive values and FP is for false positive values.

Precision = TP / (TP + FP) 9)
Recall = TP / (TP + FN) (10)
F1 Score = 2 * (P * R / (P + R) (11

where, P and R in equation (11) is Precision and Recall, respectively.
The value of these evaluation metrices along with the confusion metrics for the test set for all the
machine learning models trained on our dataset in this research project is recorded in Table 2.

Table 2. EVALUATION METRICES FOR TEST SET.

Model Accuracy| Precision | Recall | F1 Score| ROC

LR 0.91 0a0.53 0a0.90 | 0a.67 0.93
1a0.99 1a0.91 | 1a.95

Decision Tree| 1.00 0a1.00 0a1.00 | 0al.0 1.0
1a1.00 1a1.00 | 1a1.0

Random 1.00 0a1.00 0a1.00 | 0al.0 1.0

Forest 1a1.00 1a1.00 | 1al1.0

XGBoost 1.00 0a1.00 0a1.00 | 0al.0 1.0
1a1.00 1a1.00 | 1a1.0

VI. Explainable AI (XAI) Analysis

The machine learning models present today are all black box models, which means, the process
followed by these models to generate the predictions is not visible to the developers or users. The
only thing we can see is their output and accuracy score as compared to the original value of the
target variable. This lack of interpretability of the machine learning models makes it hard to trust
them and their predictions. To overcome this problem, we have Explainable Artificial Intelligence
(XAI) which helps us understand the processing of the models and know which features are
contributing the most or least in the final prediction generated by the black box model. We use ‘SHAP
(SHapley Additive exPlanations)’ library in python which generates shap values using the
formula given below. Based on the shap values, we can understand the feature importance in model
predictions.

$i(f) = X semon TSI [ASU()-AS)  (12)
where: ¢i(f)  is the Shapley value for feature i in the function f, N is the set of all features, S is a subset
of features excluding the feature i, | S| denotes the number of features in subset S, I N| represents the
total number of features, (S U{i}) is the output of the function f when including feature i in the subset
S, and f(S) is the output of the function f when excluding feature i from the subset S.
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The force plot in Figure 2 shows the contribution of features to derive the values of the function
f(x) for Random Forest and XGBoost and the features contributing the maximum in the final
prediction for base value 0.5 in both the models.
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Figure 2. Shapley Force Plot for Random (blue) Forest and XGBoost (red).

For our machine learning models, we generated the XAI graphs further assess their processing
and find out the best one of them to perform the blood related disease risk analysis based on the
blood report of the patient. Figure 3 has the summary plots for Logistic Regression and Random
Forest which shows the feature importance in the form of a bar chart. The decision plot, which are
used to understand the models such as decision tree also shows the feature importance in the form
of an X-Y chart as in Figure 4.

Here, we have the plots for XGBoost and Decision Tree.
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Figure 3. Shapley Summary Plot for (i) Logistic Regression and (ii) Random Forest.
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Figure 4. Shapley Decision Plot for (i) XGBoost and (ii) Decision Tree.

VII. Results(ii)

The results as recorded by the evaluation metrics demonstrate that all the models achieved
commendable performance in predicting blood disease risk. Logistic regression achieved the test
accuracy of 91% while all the other models a perfect accuracy of 100%. Notably, the value of recall,
precision, and F1 score for Decision Tree, Random Forest and XGBoost is 1.00 while Logistic
Regression is slightly under performed with F1 score of 0.93. The AUC-ROC value for these machine
learning models are recorded as 0.93 for logistic regression and 1.00 for all others. Furthermore, to
unravel the black box nature of these machine learning models, we used XAI techniques to gain
insights into their decision making. Through the shap graphs, we observed that abnormally high or
low values for haemoglobin, MCV, MCH or HBA are strong indication of presence of any potential
disease in the body.

VIII. Discussion

In this research project we are presentive a comparative analysis of different machine learning
models and their performance in predicting the risk of any blood related disease using the medical
details of a patient obtained by a regular blood report. There are several medical problems which
have direct connection with the quality of blood. A lot of diseases are diagnosed trough a blood report
as a first-hand diagnosis, and if anything odd is found in it, other specific tests are done. This process
of disease diagnosis is multistep where blood report analysis is the most important and fundamental
step. The objective of this research project is to initiate the idea of incorporating machine learning
and artificial intelligence at the very early stages of diagnosis in healthcare. The incorporation of
machine learning at early stages of diagnosis, or for first-hand diagnosis tasks can save a lot of time
and human effort increasing the productivity of healthcare processes incredibly. The traditional way
of blood report analysis involve multiple levels in order to first get the blood tests done and then
again, a series of levels to get it checked by a doctor. This research project aims to provide a solution
to make this process automated and save a lot of time and manpower which can be used better
elsewhere.

The dataset used to perform the analysis and train the machine learning models to check their
capabilities in performing as a smart first-hand diagnostic machine in real life, a medical dataset was
used which is provided by a hospital in Iraq. This dataset had the details of various medical
parameters as recorded by a regular blood test. The dataset had the data of 1027 patients, as obtained
after data cleaning, and was very well structured to be used for our project. The dataset had 10
medical parameters as the features ranging from simple features like age to clinical features like MCV
and MCH. The line graphs for these features showed some sudden steep peaks as the graph read an
abnormally high values for these clinical parameters. This visualization showed the presence of
records which are to be marked ‘risk’ for the presence of a blood related disease. But the diagnosis is
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not this simple, there are many underlying reasons to classify the report as ‘risk’ or ‘no risk’ other
than abnormally high or low values of RBC count of MCV. As the dataset did not have the target
column, a function was made to identify the instances which might be at risk versus those which are
normal and safe. This function was used to create a target column and have a final dataset which
could now be used for training the machine learning models.

The results obtained from our experiments, analysing the performance of different machine
learning models and insights gained through XAI. We begin by evaluating the performance of the
machine learning models employed in our study. Logistic Regression, Decision Tree, Random Forest
and XGBoost are the 4 machine learning models trained and tested on a comprehensive dataset
consisting the various clinical parameters of 1027 patients. The evaluation metrics used include
accuracy, precision, recall and F1 score. The comparative analysis of the machine learning models
revealed distinct strengths and weaknesses among the regression models and decision trees. Though
regression model serves great accuracy of 91%, the low recall values does not make it the best choice
for the prediction. Whereas the models based on decision tree i.e., Random Forest, XGBoost and
Decision Tree delivers the best test accuracy of 100% and perfect scores for recall, precision and
flscore as 1.00 for all three, makes them the perfect models to be used for blood disease risk
assessment. In addition to this, the results from the explainable Al graphs, the features contributing
maximum to the predictions presented by the model are MCV, MCH, HBG and HBA. The value of
these features influence the prediction the most as compared to other features. One of the underlying
observations of the analysis is that the normal values of haemoglobin levels were strongly associated
with the decreased risk of presence of a blood related disease, while elevated MCV and RBC count
indicated the potential risk factors.

Conclusion

The objective of this study is to perform a comparative analysis of machine learning models for
first hand blood disease risk assessment. The dataset used for this is a clinical dataset consisting of
details of several clinical parameters of 1027 patients as provided by a healthcare institute in Iraq.
The four machine learning models trained for the risk assessment are Logistic Regression, Decision
Tree, Random Forest and XGBoost, and the best test accuracy with perfect f1 score is recorded as
100% for Decision Tree, Random Forest and XGBoost. Diving deep into the processing of these
models through XAl we observed that a healthy normal value of haemoglobin and good RBC count
are associated with decreased risk of blood related disease whereas the abnormally high values of
MCV, MCH, RBC and HBA strongly indicate the presence of a clinical problem in the body. As a
conclusion to this study, the best models found for blood related risk assessment is the classification
models based on the concept of decision trees. Future directions could involve using a bigger dataset
with large number of instances and more clinical parameters to better assess the situation of patient’s
body who is being examined and increasing the efficiency of the predictive model.
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