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Abstract: Hemoglobinopathies are a group of disorders in which the hemoglobin molecule has abnormal
production or structure. The hemoglobin molecules in red blood cells (RBC) are impacted by the blood disease
known as sickle cell disease (SCD), and Thalassemia is one of the major monogenic disorders that reduces
hemoglobin production( Kohne et al ., 2011). This disorder results in a large number of red blood cells being
destroyed, leading to anemia. India bears a huge burden of hemoglobinopathies; thalassemia is the most
prevalent (Mondal SK et al., 2016). A key component of thalassemia prevention is a successful screening
procedure to identify Thalassemia carriers. Effective screening programs have numerous obstacles, especially
in environments with limited resources. Machine learning (ML) has been used to solve technical and domain-
specific problems in a variety of prognostic and diagnostic medical jobs. In this work, we aimed to identify and
analyze the most common mutation of 3--thalassemia and sickle cell disease from the north Indian population
by employing Machine learning-based algorithms. To accurately predict the carrier state from a simple blood
test, and to predict pathogenic hemoglobin variants in a group of individuals, these results demonstrate the
application of integrated bioinformatics and machine learning approaches. This study contributes to the
validation of the models based on data from several individuals and hemoglobinopathies.

Keywords: hemoglobinopathies; 3--thalassemia; machine learning; bioinformatics; genomics

Introduction

A collection of blood illnesses affecting red blood cells are called hemoglobinopathies.
Hemoglobin, a protein found in blood cells, transports oxygen throughout the body and absorbs
carbon dioxide. A hemoglobinopathy problem can result in an abnormal level of protein production
or an aberrant structure for this protein. Common types of hemoglobinopathy are Sickle cell disease
(SCD), thalassemia, hemoglobin C disease, and hemoglobin E/D disease (Old, 1996; Kohne, 2011).
People with thalassemia may have mild or severe anemia even as severe anemia can damage organs
and lead to death (Bajwa et al., 2022; Hamamy and Al-Allawi, 2013). While this disease is commonly
seen in the Mediterranean regions, southeast Asia including India is traditionally known as the
“thalassemia belt”. p--thalassemia is caused by mutations in one or more alleles of the autosomal
recessive Hemoglobin Subunit (3- (HBB) gene ( Kohne et al ., 2011). The synthesis of the - chain is
controlled by two gene clusters of chromosomes 11. More severe symptoms result from the
homozygous state in the HBB wherein there are also other associated Anemia like Aplastic Anemia
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(Peslak et al. 2017). The degree of globin chain imbalance in (--thalassemia is determined by the
nature of the mutation of the 3- gene. 3- globin chains are produced by two linked - genes present
in chromosome 11. We know that two alleles of each gene and four genes encode (--globin
production. The severity of 3--thalassemia depends firstly on the number of genes affected, and then
based on whether it's a gene deletion or a non-deletional mutation. On the other hand, Sickle Cell
Disease (SCD) affects the hemoglobin molecules in RBC ( Kato et al. 2010). The ability of hemoglobin
to deliver oxygen is compromised when it is abnormal, as incase of SCD, making the RBC to curve,
sickle-shaped, and become rigid. When a person inherits two hemoglobin "S" genes, they are
presumed to have sickle cell anemia, the most prevalent and dangerous form of SCD. Children with
the syndrome may endure slow growth or delayed development, and some patients may experience
chronic (long-term) pain. The brain, kidneys, liver, lungs, eyes, heart, spleen, genitals, joints, and skin
are just a few of the organs that sickle cell disease may damage over time (Rees, 2010). These are
caused by a qualitative defect in the genetic code that leads to structural changes in the hemoglobin
molecule. Most alpha and 3- globin chain variants are clinically silent and are discovered incidentally
or during the screening of family members of a patient. A few variant hemoglobins are capable of
causing severe disease, especially in the homozygous state (e.g.: HbS) or when inherited in
conjunction with another variant or a thalassemia mutation. Common examples of variant
hemoglobins in India include HbS, HbE, and HbD (Thom, 2013). In this work, we attempted to
perform machine learning heuristics in discovering candidate genes associated with these diseases.

Materials and Methods

Case study 1: An inventory of 370 cases from the Genetic and Genome Sequencing Lab (2022-
2023), was used to train and test the machine-learning tools, to accurately predict B-thalassemia
carriers. Ethics clearance and informed consent was done apriori from Lok Nayak Hospital/Maulana
Azad Medical College, New Delhi. The input parameters are hemoglobin count (HGB), mean cell
volume (MCV), mean corpuscular hemoglobin concentration (MCHC) and mean corpuscular
hemoglobin (MCH). From 370 patients” data, we deemed that 200 of them were "index patients”; they
were the point person for every request for (3--thalassemia testing sent to the laboratory. 170 people
were family members of the index patients who completed the family survey. Overall, there were 161
males and 209 females. One patient with hemoglobin H disease and two patients with (3-thalassemia
major based on genetic diagnosis were excluded from the final dataset for modeling because the
study focuses on thalassemia carriers. In addition to these, the material contained certain important
diagnostic categories called "phenotypes." In addition to the above variables, age and gender were
included in the exploratory analysis (Rustam F,). We identified two labels, viz. 3-thalassemia carriers
(those carrying a single gene allele mutation) and normal individuals with the input data was saved
as a "comma separated value" (.csv extension).The use of machine learning makes two potential
advantages of this tool: less time consumption, and less economic burden (Asmarian N et al.2022).
We employed Random Forest (RF), Logistic Regression (LR), Support Vector Machine (SVM) and
ANN (Artificial Neural Network) using Scikit-learn.Python programming language with Data
Science libraries NumPy (version 1.24), Pandas (version 1.1.2.), Matplotlib (version 3.3.2.) and Scikit-
learn (version 0.23.2) and Deep Learning library Keras (version 3.2) were imported. While the
command Split was used to split training and test data for RF, LR and SVM (7:3, 8:2 and 9:1), Keras
library was used to train and test neural networks in an integrated development environment (IDE)
set in Jupyter Notebooks. (Sadiq, S.,),(

Case study 2: For hemoglobin variant prediction, 250 instances were collected from Lok Nayak
Hospital, New Delhi as indicated earlier with the same duration for the prediction of Hemoglobin
variants gathering the necessary details required for the prediction. We obtained MCH, MCHC, MCV
besides hemoglobin count, viz. HbS (hemoglobin S) and HbE (hemoglobin E) as the input variables
(Das, R., ). Gender was incorporated into the exploratory analysis in addition to the previously
mentioned factors.137 females and 112 males were reported haemoglobinopathies (HbS and
HbE).Two labels were found in this study: those who have hemoglobin variations and those who are
normal. We used three different supervised learning algorithms like K nearest neighbors (KNN),
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Naive Bayes (NB), and decision trees(DTs), and the performance was measured based on the
accuracy, F1 score confusion matrix with precision and accuracy metrics.(Borah, M. S.,)

Case study 3: We also downloaded 597 instances from the ClinVar database which we deem as
a validation cohort to predict clinical significance, obtaining the necessary details for prediction using
RF, SVM and LR. The input variables chosen were Protein change (numbered as 1 if there is any
protein change and if there is no change, numbered as 0), Review status (numbered as 1 if the review
status is provided and if not provided, numbered as 0), and Condition (Beta-thalassemia (1), Other
hemoglobinopathies(2) and no disease reported (0).The output data chosen is clinical
significance(Pathogenic (1) or benign (0)) and after training each model, we assessed their
performance using metrics using the confusion matrix, precision and accuracy. By comparing the
performance on both the training and test sets, we evaluated and compared the accuracy of the three
models taking the following attributes from ClinVar data, viz. clinical significance, protein change,
condition and review status.

Performance Evaluation

Performance measures used for the validation dataset were used to assess the models'
performance. Two key metrics are employed to evaluate the performance of the models based on
empirical data:

a) General Accuracy

b) F1 Score - The F1 score is a machine learning evaluation statistic that evaluates the harmonic
mean of precision and recall.

The F1 score and accuracy were computed to accurately predict 3-thalassemia carriers, which is
reflected in the true positive ratio (TPR ~ sensitivity) and positive predictive values (PPV). There are
mainly four conditions for measuring the performance of machine learning algorithms. True positive
(TP), where the number of 3--thalassemia samples is correctly diagnosed. True negative (TN), that is
the number of correctly diagnosed non-f3--thalassemia samples. False negative (FN) refers to the
number of samples with (--thalassemia that are misdiagnosed. False positive (FP) refers to the
number of misdiagnosed non-f3--thalassemia samples. According to the table value of the confusion
matrix, we calculated the accuracy, precision and recall values.

Results and Discussion

Random Forest Proved to Be the Most Accurate Classifier to Predict p— Thalassemia Carriers

The RF algorithm yielded an accuracy of 87.39%, with an F1 score of 87%. The precision shown
by the algorithm is 84% with a sensitivity of 90%. Precision, accuracy, and sensitivity was calculated
using a confusion matrix (Figure 1a). Beta-thalassemia carriers are denoted as 1 and normal denoted

as 0.
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Figure 1. : Confusion matrix shows the best accuracy for (a) RF, (b) DT and (c) LR.

Variant Prediction Using DT Yielded Good Accuracy

When the data was subjected to machine learning heuristics, we observed that among all the
algorithms, the DT performed well with an accuracy of 96% while the NB algorithm showed 93% and
KNN showed 80% respectively. We predicted accuracy and from the confusion matrix, 0 represents
the presence of variants and 1 represents the absence of variants. We plotted TP, TN, FP and FNs
with TPs showing 51% and TN - 29% while FP and FN showing 2% and 1% respectively(Figure 1b).

Performance Evaluation of ClinVar Yielded a Respectable Accuracy

The performance evaluation of machine learning algorithms was conducted using 597 ClinVar
data, employing three different algorithms as discussed earlier, viz. RF, LR and SVM. To assess model
performance, validation data was utilized, with a stratified random sampling technique applied to
address class imbalance in the dataset. Evaluation metrics included overall accuracy (1 - error rate)
and the F1 score, which gauges both sensitivity and positive predictive value. The five fold cross
validation results showed that the LR model achieved different accuracies across the different folds
and stood out, demonstrating superior performance with an accuracy of 78%. The accuracy was
deduced from the confusion matrix, where the label 1 denoted pathogenic and 0 represented non-
pathogenic.

Table 1. F1 Scores and accuracies of different algorithms for different predictions.

Machine
S. No Phenotype Learning Accuracy F1 Scores
Algorithms

Logistic

. 0.83 0.84
Regression

1 [- thalassemia

Rand
2 B- thalassemia o 0.87 0.87
Forest

Support
3 [- thalassemia Vector 0.82 0.8
Machine

Artificial 0.8
4 - thalassemia Neural ' 0.8
Network
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opathies
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6 aemoglobin (i e Bayes 0,933 0.931
opathies
7 Haemoglobin 0.801 0.847
opathies
8 (?lm%c.al LOngth. 078
significance Regression
9 (?lm%c.al Random 074
significance Forest
. Support
10 thfciacl e Vector 0.68
& ance Machine
Discussion

Hemoglobinopathies and thalassemias are genetic diseases and are common worldwide. In this
work, we exploited the accuracy of machine learning tools to improve the screening for --
thalassemia carriers that can then be adapted to deal with similar issues both internally and
externally. The lack of a current screening process has been one of the main problems with the
increase in [3--thalassemia carriers. If a predictive tool based on machine learning can help in this
process, it also takes less time to conduct screening, because machine learning tools are used in the
form of computer software, and inputs can be processed much faster than manual testing, saving
valuable time and costs of traditional surveys. However, using such a tool in a practical clinical
context is not easy. Although machine learning models have proven accurate in many clinical
problems, including tabular data processing, few have been translated into real-world applications.
Machine learning models have inherent issues since they are only intelligent in a limited range and
cannot extend their intelligence to things they have not seen. With the data dynamic and inviting
bias, if the inputs are not of the expected quality, models can produce incorrect results. This also
implies that when the model is verified in a real-world setting in the future, it will be given the
opportunity to be exposed to fresh data and further trained, which will increase its accuracy and
dependability. Therefore, experimenting with these technologies to find innovative solutions where
traditional methods are insufficient can provide unique solutions. We aimed to find such a solution
to a disease with a significant global burden, and the tool was used to predict the (3--thalassemia
carriers and haemoglobinopathies. We further discovered mutations in SCD pertaining to the North
Indian registry. Upon employing machine learning heuristics, the DT models have shown great
performance and have the potential to be used as a tool for hemoglobinopathy identification in
medical laboratory work methods. These findings suggest that our machine learning algorithms are
provided with sufficient, which could predict a variety of hemoglobin variants. Our models,
however, need to be evaluated using a large number of datasets employing a wider range of patient
data associated with hemoglobinopathies. We identified significant ClinVar pathogenic variants and
protein changes, if any utilizing machine learning heuristics, viz. LR models. Our analyses
demonstrated modest performance and could serve as a valuable tool for identifying
hemoglobinopathies in medical laboratory procedures. These results indicate that our machine
learning algorithms possess the capability to predict highly heterogeneous and clinically relevant
data given adequate test data. Nonetheless, it is crucial to assess our models using a diverse array of
datasets and a broader range of patient data related to hemoglobinopathies for comprehensive
evaluation. While this could be a limitation, we argue that clinically relevant data have a difficulty in
manifesting the predictions using ML models. While it is very important to comprehend and identify
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the pathophysiology for the treatment and disease prediction, the application of prenatal diagnosis,
and awareness programs is the only way to prevent the occurrence of this type of rare and genetic
disease.

Conclusions

As the number of hemoglobinopathies (especially [-thalassemia and SCD) patients increases,
the need to analyze Hemoglobin variants and {-thalassemia carriers at an early stage increases.
Current methods for detecting these are expensive and time-consuming and therefore our screening
of mutations in a cohort of 3--thalassemia and SCD was used to propose an ensemble classifier for 3-
thalassemia carrier screening and to analyze hemoglobin variants. The dataset used in this work was
compiled from whole blood analysis tests. We further utilized ClinVar data to predict the clinical
significance of genetic variations in hemoglobinopathies and attempted to unravel the implications
of specific genetic alterations related to hemoglobin disorders. By analyzing a diverse range of genetic
variants associated with these conditions, our research contributes to a better understanding of the
molecular aspects of hemoglobinopathies.
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