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Abstract. About 30 million people worldwide are affected by the monogenic
recessive -globin gene abnormality known as sickle cell disease (SCD), which
is a significant public health issue. From asymptomatic to severely symptomatic
illnesses that might cause patient mortality, pathological features range. The most
common presenting symptom of SCD is vasooclussive crisis (VOC). The red cell
membrane of the Sickle Red Blood Cells (SRBCs) is damaged by repeated cycles
of sickling and desickling processes caused by the formation and aggregation
of HbS (sickle hemoglobin) polymers. Cellular dehydration (reduction of ion
and water content), increased viscosity (red cell density) and a transient increase
in intracellular calcium are all associated with HbS polymerization. As a result,
SRBCs become adhesive and inflexible (rigid), resulting in premature destruction.
The decreased life span of SRBCs causes chronic hemolytic anemia, and capillary
blockage causes tissue hypoxia and subsequent organ damage. So, it is important
to monitor patients suffering from sickle cells.

Here we have used machine learning to visualize those patients and catego-
rize them according to their hemoglobin level, percentage of reticulocyte count
and serum Lactate dehydrogenase (LDH) level which is regarded as a marker of
hemolysis. In this article we propose a framework which uses the statistical anal-
ysis using Linear Regression technique on a sickle cell patients dataset showing
how hemoglobin is depleted in a body by the use of two parameters called LDH
and Retics.
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1 Introduction

Hemoglobinopathy, one of the most prevalent monogenic disorders affecting humans,
is responsible for some of the serious genetic and social health difficulties in India,
South Africa, Saudi Arabia, South America, and other South Asian and African nations
(see Fig. 1). In the history of haemoglobinopathies, sickle cell disease (SCD) is one of
the oldest recognized molecular disorder [HbS (HBB Glu6Val)] whereas the HbE disease
(HBBGlu26Lys) is themostwidely reported hemoglobin disorders afterHbS.HbE is due to
amutation inwhich lysine is exchanged for glutamic acid in theBeta chain of hemoglobin

© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2024
Published by Springer Nature Switzerland AG 2024. All Rights Reserved
P. Pareek et al. (Eds.): IC4S 2023, LNICST 536, pp. 84–94, 2024.
https://doi.org/10.1007/978-3-031-48888-7_7

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-48888-7_7&domain=pdf
https://doi.org/10.1007/978-3-031-48888-7_7


Statistical Analysis of Hematological Parameters 85

at the 26th position. SCD affects a sizable portion of population in India residing in the
area which is spread throughout the Central Part of India from Odisha to Maharashtra
and Gujarat. Sickle Hemoglobin (HbS) in the central belt of India, Hemoglobin E (HbE)
in West Bengal and Northeastern States and Hemoglobin D (HbDPunjab) in Northwest
Parts of India are the three main genotypes of this disorder that are frequently observed
in our country [1].

The most prevalent blood condition anemia is brought on by a deficiency of RBCs
which makes it difficult for the body to get adequate oxygen. Acute anemia is caused by
a sharp fall in RBC, whereas chronic anemia is caused by a gradual decline in RBC, and
it frequently co-occurs with inflammatory illnesses. RBCs aren’t formed as they should
be in people with sickle cell disease. RBCs resemble round or spherical discs in normal
human beings whereas they resemble a crescent moon, or an old farming tool called a
sickle in SCD. It is a hereditary hemoglobin disorder as represented in Fig. 2.

Fig. 1. Map depicting the global prevalence of the HbS allele [2]

Typically, SCA (Sickle Cell Anemia) symptoms and signs begin appearing around
five months of age. Sickle cells quickly disintegrated and died, leaving just a small
number of RBC in the circulation. The life of normal RBC typically lasts for about four
months before they require replacement with new cells, while sickle RBCs often degrade
in about two to three weeks, causing a lack of RBC.

Fig. 2. Inheritance pattern of sickle cell hemoglobin gene from parents to the offspring
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Individuals having sickle cell disease report edema, frequent infections, eye prob-
lems, slow growth and delayed puberty. As discussed, Hemoglobin S is an abnormal
hemoglobin type that contributes to SCA.When both the parents pass the recessive sickle
cell gene to their child, the child gets affected and develops the sickle cell homozygote
phenotype.

SCD cannot be cured; however, it can be managed to lessen the symptoms and
avoid complications. Hence, it is vital that these patients be monitored clinically and
hemato-biochemical investigations on regular basis. Based on the steady state and crisis
data patients can be monitored successfully [3, 4]. By analyzing the data using machine
learning techniques the clinical and physiological state of the patients can be predicted
well in advance to avoid any future complicacies. Keeping in view of this the present
study was addressed. The data of SCD cases included in this study has been derived from
a patient database of Odisha. Various tools of machine learning have been leveraged to
predict and assess the health status of the patients those have been suffering from sickle
cell anemia disease in Odisha.

2 Literature Survey

Sen et. al. (2021) took various microscopic blood samples and used techniques such as
image processing andmachine learning tomake the process of detecting sickle cells auto-
matic and have classified the RBC thus detected into three shape-based categories: circu-
lar, elongated sickle cell shaped and others, they are then preprocessed, and thresholding
technique called Otsu is applied for segmentation [5].

Petrović et. al. (2020) used the smear from peripheral blood to observe the images
of red blood cells and segmented the image by preprocessing and used machine learning
techniques to classify their morphology [6].

In a case study of Nigeria Nkpordee (2022) have used different trend models of time
series and statistics for a six-year projection of SCD in Nigeria and how it will decline
in the year ahead [7].

Patel et. al. (2021) has shown how early detection of sickle cells can help patients to
identify their symptoms and help the patients to take medications and can take regular
blood transfusion sessions along with pain relieving medications. Sometimes manual
assessment might lead to false classification. Therefore, using data mining techniques
including classification algorithm they have sought to identify the sickle cells in human
body with high accuracy [8].

Yang (2018) and Yeruva (2021) have employed machine learning algorithms to
predictably understand the timing/situation of hospital re-admissions in SCD. In their
research paper they have described how they partitioned their patients into groups for
testing and training. The cases of unplanned treatment in the hospitals admissions were
categorized for testing and training dataset where they applied machine learning algo-
rithms. The prediction was then later assessed using various prediction algorithms such
as specificity, sensitivity, and C-Statistic [9, 10].

Dean (2019) has used Multinomial Logistic Regression where they analyzed the
pain scores of forty patients, and they devised a model of machine learning to predict
the pain scores of a SCD patient with promising results [11]. Using proper optimization
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techniques, machine learning algorithms, and statistics, it can be predicted whether the
number of patients suffering from SCD will decrease with the use of a proper data set
and patients as input.

A low cost, cost effective easy to use sickle cell screening device is proposed to be
used in developing countries as elucidated by Wing (2019) [12] can detect hemoglobin
non-invasively.

Stone (2021) [13] in this case report demonstrated the severity of a delayed hemolytic
transfusion reaction caused by anti-Fy3 in a SCD patient having red cell exchanging
before hematological precursor cell harvest for gene therapy.

Ranjana (2020) [14] used a automatic categorization of the SCA system explored
in this study. In the beginning, the original images are pre-processed using the median
filter. The Grey Level Co-occurring Model (GLCM) and Haralick characteristics are
then retrieved. Finally, for prediction, the random forest (RF) predictor is used. Using
an RF classifier, the SCA system achieves a classification accuracy of 95%.

Patgiri [15] demonstrated a hybrid segmentation procedure that combines two seg-
mentation approaches, notably fuzzyC-means segmentationwith adaptive (local) thresh-
olding. In this study, four distinct adaptive thresholding approaches are used with fuzzy
C-means. The main axis, and secondary axis, aspect ratio, surface dimension, circum-
ference, dimension factor (metric value), eccentricity, and solidity of each cell in the
sample blood smear were retrieved for this analysis. These eight characteristics are used
to train and test the classifiers. For categorization, two supervised classifiers, namely the
Nave Bayes classifier and the K-nearest neighbor classifier, were exhibited on a dataset
of ten image data samples, and the evaluated results for all of the hybrid combinations
were compared.

Even though a lot of techniques have been used or the prediction or image segmenta-
tion in various machine learning dataset the complicated clinical symptoms of SCD have
not been addressed fully till date. So, it is necessary to predict the outcome for the year
ahead and come up with some solution that will prevent the patients going through the
tedious process of regular blood transfusions and doctor visits. Although these methods
yield the best results but considering the complex clinical manifestations of symptoms
from patients to patients implementing those methods has been challenging so far.

3 Linear Regression

Linear Regression is a widely known and recognized algorithm and is categorized under
supervised learning technique. When a set of independent variables is given, the logistic
regression is used for carrying out the prediction of dependent variables categorically,
such that output result can be a categorical or discrete value. As it is an analysis of
independent variable, and it can be represented in Eq. 1:

y = c0+ c1x+ e (1)

wherein y has been assumed to be a dependent variable and x to be an independent
variable, the variable c0 is a constant term and an intercept of the regression line on the
vertical axis and c1 is the regression coefficient that lies on the slope of regression line
and e can be a random error as shown in Fig. 3.
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Fig. 3. Graph of linear regression

As specified earlier, the goal is to find out the best possible values for c0 and c1,
the objective should be to minimize the error between the predicted value and the actual
value as shown in Eqs. 2 and 3.

Minimize1/n
∑n

i=1
(pred(i)− y(i))2 (2)

Q1/n
∑n

i=1
(pred(i)− y(i))2 (3)

This function as mentioned above is aimed at minimizing the error values among the
actual and the predicted values. Here the error difference is squared, added up across all
the data points and then divided by the total number of data points. The result obtained
(Q) is the average squared error across all data points. Hence the above cost function
is also referred to as Mean Squared Error (MSE) function. With the MSE function the
values of c0 and c1 are changed so that MSE settles at the minima.

Figure 4 depicts the process of fitting a linear regression model. Import data as an
input, fit an optimization technique and a cost function for performance, verify its quality,
change it to increase quality, and then find an output for the workflow.

Stochastic Gradient Descent (SGD) is a form of gradient descent variant used to opti-
mize machine learning models. Only one random training example is used in this variant
to calculate the gradient and update the parameters at each iteration. This algorithm is
useful when the optimal points are not found by equating the slope of the function to
zero (0). Linear regression on the other hand has the sum of squared residuals mentally
mapped as the function “y” and the weight vector as “x” in the parabola above.

4 Proposed Work

The proposed approach extracts sickle cell data from a hospital in the western part of
Odisha. The extracted dataset was then analyzed and usedS it as input for our machine
learning model. So, first, we preprocessed and cleaned the data, and then we fed it into
appropriate models for training and testing. Following the visualization and train-test
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Fig. 4. Flowchart of the working of linear regression while using a dataset.

split, we selected an acceptable model (here, linear regression) for our planned work.
We arrived at a proper conclusion after obtaining the accuracy and proper graphs (as
indicated in the Graphs and Results section) (Fig. 5).

By using these statistical methods, we can classify, predict and find an optimal model
that can help us identify the health / clinical status of people affected from sickle cell
anemia or who have less amount of hemoglobin produced in their body.

Pseudocode
Input: Pa ence dataset

Pre-processing of data
Divide data into Train and Test with 80% and 20% 

respec vely.
For each data in dataset

Linear regression (Train, Test data)
Perform gradient descent.
Predict test result.

Output: predicted percentage, Correla on matrix

5 Experimental Results

The proposed work as presented under section III has been analyzed using stochastic
gradient descent analysis in conjunction with three different machine learning algorithm
such as linear regression, decision tree classifier and support vector machine. The data
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Fig. 5. Flowchart describing the methodology that was used in this study.

has been collected from the western part of Odisha state, highly affected with SCD.
The data has been collected under six different categories such as WBC, RBC, HGB,
BIT, LDH and RETICS%. All the data has been converted into it’s per unit level except
RETICS which is in percentage.

The data has been processed for redundancy analysis with a new value of 0.17. The
scattered plot analysis has been carried out for two target data namely LDH, RETICS%
with all the other four parameter as predictor. The effect of LDH and RETICS categor-
ically analyzed with HGB. Out of the total dataset 80% data has been used for training
and 20% has been used for testing the model.
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Table 1 shows the statistical data of three different analyses of three different ML
algorithms such as Decision Tree, Linear Regression and Support Vector Machine. It is
found that the linear regression is having lowest RMSE of 3.60 and R2 error is –0.39.
However, the mean average error is 2.72; this could be due to similar type of data in the
available training dataset. Further analysis has been carried out with Linear Regression
with Gradient Descent.

Table 1. Statistical analysis of ML algorithms

RMSE MSE R2 Error MAE

DT 4.32 18.70 –0.93 2.41

LR 3.60 13.03 –0.39 2.72

SVM 5.32 28.30 –1.92 2.56

Figure 6 shows the regression analysis of RETICS vs HGB where most of the data
possesses negative slope characteristics which means that with increasing HGB content
there is a decrease in the RETICS. In most of the cases the HGB content carries in
between 8.5 to 11, which corresponds to a decrease in 17% of RETICS%

Fig. 6. Regression analysis of RETICS vs HGB

Similarly, Fig. 7 represents the statistical graphical analysis of LDH vs HGB. How-
ever, with the same range of HGB (refer Fig. 6) the LDH content varies between
385–460.
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Fig. 7. Regression analysis of LDH vs HGB

Table 2 shows the analysis of different ML algorithms for LDH vs HGB. Figure 8
shows the heat map based on autocorrelation function where all the diagonal elements
have a magnitude 1 per unit.

Table 2. Statistical analysis of ML algorithm

RMSE MSE R2 Error MAE

DT 383.04 1.46 x 105 –1.08 180.6

LR 274.32 75251 –0.07 181.41

SVM 286.16 81885 –0.165 155.05

Table 3. Correlation statistical analysis with Hb

Sr. No Parameter Magnitude Remarks

1 RETICS% –0.39248 NEGATIVE

2 LDH –0.37992 NEGATIVE

3 BIT –0.137320 NEGATIVE

4 RBC 0.300613 POSITIVE

5 WBC –0.09364 NEGATIVE

Figure 8 this correlation depicts that the patient does not have enough hemoglobin
produced in this body as the formation of LDH is high in their body hence they cannot
carry enough oxygen to supply throughout their body.
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Fig. 8. Heatmap of the parameters.

6 Conclusion and Future Work

From the present study with the data of the patients who have sickle cell disorder (HbSS)
and using the ML models it can be predicted that the patients having low hemoglobin
might face many clinical symptoms due to the formation of high level of LDH, more
numbers of WBC and reticulocyte counts. Due to the low hemoglobin in their body they
are unable to meet the oxygen demand of the body and subjected to deoxygenated state
and leads to high amount of lactic acid and higher count of reticulocyte or premature
RBCs in their circulation. Hence patients must go through regular blood transfusions and
hemoglobin tests. The traditional method of measurement of hemoglobin is accurate,
infants and adults are hesitant to use it since it is painful, and regular blood extraction
makes themuncomfortable. As a result, introducing a non-invasivewaywill be beneficial
to determine their hemoglobin level any place and without any pain. Till then regular
management of the patients with the clinical and hematological data set using machine
learning techniques will be of great importance.
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