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Abstract. A blood count test (CBC) is said to be the primary and important test for a complete body health checkup, which plays a
significant role in the primary diagnosis of bacterial (Neutrophils 1) or viral (Lymphocyte 1) infection, cancer, anemia, vitamin and
mineral deficiency. Anemia is a sign of decreased blood flow in the body. The CBC parameter pattern is very complex so it is
difficult to predict different types of anemia. In our research, a Multilabel classification model has been developed to predict anemia
and its eight types IDA (lron Deficiency Anemia), VitaminB12, Aplastic, SickleCell, FDA (Folate Deficiency Anemia), ACD
(Anemia of Chronic Disease), Hemolytic, and Thalassemia. A Multilabel classification model has been developed using machine
learning problem transformation’s three techniques: binary relevance, classifier chain, and label power set with six different
classifiers (J48, Naive Bayes, Logistic Regression, Random Forest, and SVM). Results provide interesting insights from classified
data J48 algorithm in the classifier chain technique is proved to be the best compared to other methods.

Keywords: Anemia, Healthcare, Multi-Label Classification, Machine Learning.

1 Introduction

CBC or full blood count report plays an important role in the complete checkup of the body's health. It is useful for diagnosing
anemia, infections, cancer, vitamin, and mineral deficiency. Anemia is a common problem among people around the world. Due to
which there is a possibility of causing serious illness in the body. So early diagnosis is very important. Which can cause worldwide
epidemics and mortality [5]. Anemia and its 8 types are classified based on CBC. It indicates a type of anemia caused by abnormal
CBC parameters. Many variations and complexities have been observed in the pattern of CBC parameters. Modern approaches to
health care the prognosis of anemia is based on the basic blood test parameters of the clinical laboratory, thus it is very important to
prevent anemia at an early stage. Which can improve their health and education level to prevent the risk of serious diseases.

A proposed model has been predicted IDA (Iron Deficiency Anemia), VitaminB12, Aplastic, SickleCell, FDA (Folate Deficiency
Anemia), ACD (Anemia of Chronic Disease), Hemolytic, and Thalassemia using a multi-label classification problem transformation
method by machine learning. Various classifiers that come beneath this approach are Binary Relevance (BR), Classifier Chain (CC),
and Label Powerset (LP), etc.
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1.1 Types of Anemia

Anemia is the low level of hemoglobin (Hb) and red blood cells (RBC) in the human body. Here below Fig.1 shows the types of
anemia.
Types of anemia

\4 \4 \4 {V v {V {V \4
Iron Vitamin Aplastic Sickle Folate Anemia of Hemolytic Thalassemia
Deficiency B12 Cell Deficiency Chronic
Disease

Fig. 1. Types of anemia

1.1.1.  Iron deficiency

Iron deficiency anemia which is caused due to a low amount of iron in the body is called iron deficiency anemia. Iron is a major and
essential component of hemoglobin for its proper functioning. Long-term blood loss is the main cause of iron deficiency in the body.
The fundamental parameters of the CBC report help identify iron deficiency anemia, including low HB, low PCV, microcytic MCV,
and low MCHC.

Case-1

Status of IDA when anemia is present: When anemia is present, clinical parameters of iron deficiency anemia include low HB and
RBC levels.

Case-2

IDA when anemia is not present: Iron deficiency anemia when anemia is not present the condition of clinical parameters is observed
only in case of low hemoglobin level. Which can be called stage 3, i.e. latent iron deficiency anemia

In stage 3, anemia (decreased hemoglobin level) is present but the red blood cell count remains normal.

1.1.2. Vitamin B12

Vitamin B12 deficiency occurs when the body has insufficient levels of vitamin B-12. This is an important vitamin for the production
of red blood cells and the healthy functioning of the nervous system.

Vitamin B12 has low levels of both Hb and RBC parameters, with the clinical parameters of anemia being observed. The parameters
of CBC (HB-Low, PCV-Low, MCV-Macrocytic, and MCHC-High) are also taken into account for its prediction. When there is no
anemia but there is vitamin B-12, only HB is found to be below.

1.1.3. Aplastic

Aplastic anemia is an autoimmune disease in which the body fails to produce a sufficient number of blood cells. It has the lowest
proportion of major CBC parameters like RBC, WBC, and Platelet. The parameters of CBC (HB-Low, RBC-Low, WBC-Low, PCV-
Low, MCV-Macrocytic, MCH-High, and Platelet-Low) are also taken into account for its prediction [10].

1.1.4. Sickle cell

A mutation in the genetic pathway that produces hemoglobin causes the formation of HbS (sickle cell) instead of normal HbA
hemoglobin.

Blood cells with HbS are sickle-shaped instead of the normal shape. These sickle-shaped cells break down quickly.

Early diagnosis of this disease is possible from birth.

Signs of the disease are seen according to the level of HbS in the body.

Treatment of this disease includes folic acid medication, Hydroxurea, chronic transfusion therapy, and periodic blood transfusions.
Sickle Cell Anemia is predicted based on the parameters of the CBC (HB-Low, RBC-Low, WBC-High, PCV-Low, MCV-
Macrocytic, MCH-High, and Platelet-High) [11].

1.1.5. Folate Deficiency Anemia (FDA)

Like vitamin B-12, folic acid deficiency also causes large blood cells (granulocytosis) and large oval blood cells and more
fragmented white blood cells. The total blood cell size is also increased and the percentage of fibrous cells is low; but the serum
level of vitamin B-12 is normal and the level of folate in blood cells and serum is low. Folic acid is useful in the production of
methionine and thymidylate and therefore is essential for the synthesis of deoxyribonucleic acid. Its deficiency causes defects in the
regeneration of the nucleus of newly formed cells.

1.1.6. Anemia of Chronic Disease (ACD)

Anemia of chronic disease is multifactorial. The diagnosis usually requires the presence of a chronic inflammatory condition such
as infection, autoimmune disease, kidney disease, or cancer. Microcytic or normocytic anemia with a low reticulocyte count
characterizes it. Serum iron and transferrin values are typically low, while serum ferritin values may be normal or elevated.
Treatment aims to reverse the underlying disorder and, in some cases, administer erythropoietin.

JETIR2504917 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org ‘ j45


http://www.jetir.org/

© 2025 JETIR April 2025, Volume 12, Issue 4 www.jetir.org (ISSN-2349-5162)

1.1.7. Hemolytic

A group of disorders in which circulating blood cells are continuously or episodically destroyed before their full lifespan is called
hematopoietic aplastic anemia. In such cases, the bone marrow produces eight times more blood cells, and aplastic anemia occurs
when the rate of blood cell destruction exceeds the rate of new blood cell formation. When hemolysis occurs or blood is lost from
the body, the total blood cell count decreases and is more than 3% per week. Therefore, if it is low, it indicates a decrease in blood
cell production. When hemolysis occurs, the percentage and number of fibrous cells increase, but if there is a concomitant folic acid
deficiency, they do not increase. It is not possible to determine if there is a sudden, massive loss of blood, but if there is an increased
or decreased percentage of reticulocytes and a decreasing total blood cell count, it indicates a hemolytic disorder.

1.1.8. Thalassemia.

Due to some genetic reasons, the blood cells break down quickly due to the lack of hemoglobin, which is responsible for this anemia.
How quickly the blood cells break down due to genetic problems. Thalassemia major, intermedia, minor is determined based on
that. Since this anemia is genetic, it comes to children from the genes of the parents. This disease can be diagnosed before birth. The
treatment of this disease depends on how quickly the blood cells break down.

Thalassemia major: Regular blood transfusions are required from time to time and iron is given.

Thalassemia intermedia: Regular blood transfusions are required after a certain age.

Thalassemia minor; Blood transfusions are not required in most cases.

If both parents have thalassemia, the chances of their child having thalassemia major increase. Therefore, if thalassemia testing is
done before marriage, the chances of having children with thalassemia major decrease.

Table 1. Differences between the laboratory parameters of the types of anemia

CBC

P IDA VitaminB12 Aplastic SickleCell FDA ACD Hemolytic Thalassemia
arameter

HB Il ' ' ] ' ] ] ]
RBC ! ! ' ! ! ! ! !
WBC ordinary ordinary (1 1 'l 1 ordinary 1
PCV ! ' ! L ! ' ! '
MGV 1 1 1 1 1 1 !

Microcytic Macrocytic Macrocytic Macrocytic Macrocytic Normocytic Macrocytic Microcytic
MCH ordinary ordinary 1 1 1 ordinary ordinary 1

Platelet 1 ordinary (1 1 'l ordinary 1 ordinary
MCHC 'l 1 ordinary ordinary ordinary ordinary ordinary [l

The effect of abnormal conditions of different parameters of CBC on the types of anemia is shown in the above table.
2. Materials and Methods

2.1. Data Set

For anemia multi-label classification, the CBC report of the newly admitted students of Gujarat Vidyapith for higher education from
the last five years i.e. 2014 to 2018 has been used as a dataset. In total 2190 samples were taken. In addition, CBC samples of people
aged 21 to 32 years have been taken from a total of 5 clinical pathology laboratories, 2 from Ahmedabad district, and 3 from
Gandhinagar district. It includes a total of 40938 sample training datasets and 768 sample testing datasets. There are many disparities
due to different testing equipment. So it can be said that not all the parameters of the CBC report are important for the prognosis of
anemia. That can be said based on our previous research paper [5][18]. Only 20 main parameters have been taken for it. Which plays
an important role in the diagnosis of anemia.
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Table 2. Multi Label Anemia Classification Dataset Attributes

Sr.no Attribute Description Sr.no Attribute Description
1. | Age Age Group 21-32 11. | Platelet Male < 13500
Female < 157000
2. | Sex Male 12. | Anemia_Status Male
Female (Target) HB<13.5, RBC<4.3
Lable-1 Female
HB<12, RBC<3.5
3. | HB Male <13.5 13. | IDA Low
Female < 12 (Target) HB,RBC,PCV,MCHC
Lable-2 MCV=Microcytic
4. | RBC Male < 4.3 14. | VitaminB12 Low
Female < 3.5 (Target) HB, PCV,
Lable-3 High
MCHC
MCV=Macrocytic
5. | PCV Male < 41 15. | Aplastic Low
(HCT) Female < 36 (Target) HB, RBC, WBC, PCV,
Lable-4 Platelet
High
MCH
MCV=Macrocytic
6. | MCV Microcytic <80 16. | Sickle Cell Low
Normocytic (Target) HB, RBC, PCV
<80 >100 Macrocytic Lable-5 High
>100 WBC, MCH, Platelet
MCV=Macrocytic
7. | MCH Normal 17 | FDA Low
<25.4 >34.6 (Target) HB, RBC, PCV
Abnormal Lable-6 High
1 <25.41>34.6 RDW, MCV=Macrocytic
8. | MCHC Normal 18 | ACD Low
<31 >36 (Target) HB, RBC, PCV
Abnormal Lable-7 MCV=Normocytic
1<31 1>36
9. | RDW Normal 19 | Hemolytic Low
<11 >15 (Target) HB, RBC, PCV
Abnormal Lable-8 High
<11 1>15 RDW, Platelet
MCV=Macrocytic
10. | WBC Normal 20 | Thalassemia Low
<3400 >9600 (Target) HB, RBC, PCV
Abnormal Lable-9 MCV= Microcytic
1<34001>9600 High
WBC

Multi-label classification of anemia dataset using a total of 20 parameters as above.
2.2. Multi-Label Classification

Multi-label classification methods are closely related to modern real-world applications, including disease diagnosis and genre
classification.

Table 3. Multi-Label Classification.

IDA VitaminB12 Aplastic Sickle Cell FDA ACD Hemolytic Thalassemia
No Yes Yes No Yes No Yes Yes

The above table.3. Shows five out of eight positive labels.
Where we have more than one target variable, these are known as multi-label classification problems.

Multi-label classification techniques are divided into two main categories. Problem transformation methods convert multi-label
datasets into one or more single-label datasets so that the classification problem can be solved by single-label classification. Direct
multi-label data is handled by the algorithm adaptation method.

Therefore multi-label classification is evaluated for solving the problem by problem transformation method.

JETIR2504917 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org ‘ ja7


http://www.jetir.org/

© 2025 JETIR April 2025, Volume 12, Issue 4 www.jetir.org (ISSN-2349-5162)

2.2.1. Problem Transformation

The main purpose of the approach is to convert the actual Multilabel into a set of single-label classification. Its function is not
directly dependent on the classification system used and is therefore independent. In this research, cluster-related algorithms are
used, which have many problem transformation methods.

In this research, three methods have been used related to the problem transformation category. Binary Relevance, which transforms
a multi-label problem into several single-label problems. Categorical chains are called binary compatibility corrections. It
concatenates each label one by one using the previous target variable as the input space. Label power set, which converts a multi-
label problem into a single-label problem. Where X is independent variable and Y is target variable.

Table 4. Multi Label Classification Labels.

X Y1 Y2 Y3 Y4 Y5 Y6 Y7 Y8 Y9
(Anemic) (IDA) (VitB12) (APA) (SickleCell) (FDA) (ACD) Hemolytic Thalassemia
X1 1 0 0 0 0 0 1 1 0
X2 1 1 0 0 0 1 1
X3 1 0 1 1 0 1 0 1 1
X4 0 0 1 0 1 0 0 0 0
X5 0 1 1 0 1 0 0 0 1

In the above table.4. X1, X2, X3...Xn are the independent variables and Y1 (Anemic), Y2 (IDA), Y3 (VitB12), Y4 (APA), Y5
(SickleCell), Y6 (FDA), Y7 (ACD), Y8 Hemolytic, Y9 Thalassemia are the target variables. Where Y1 is anemic or non-anemic,
Y2 is an iron deficiency, Y3 is a vitamin B12 deficiency, Y4 is aplastic, and Y5 is a sickle cell, Y6 is Folate Deficiency Anemia
(FDA), Y7 is Anemia of Chronic Disease (ACD), Y8 is Hemolytic, and Y9 is Thalassemia. Where 0 is for negative and 1 is for
positive.

2.2.1.1. Binary Relevance

BR is one of the most widely used transformation methods. BR treats each label's prediction as an independent binary classification
function. Thus, BR creates M binary classifier, for each different label L (where M = L). For the classification of new patterns, BR
Labels out Li attachment which is a positive prediction by M classifiers. The main drawback of this method is the fact that it assumes
that the labels assigned to the example are independent, ignoring the possible relationships between the possible labels. This is a
simple technique that essentially treats each label as a separate classification problem.

Table 5. Binary Relevance each Label Classification

X Y1 X Y2 X Y3 X Y4 X Y5 X Y6 X Y7 X Y8 X Y9
X1 1 X1 0 X1 0 X1 0 X1 0 X1 1 X1 1 X1 1 X1 0
X2 1 X2 1 X2 0 X2 0 X2 0 X2 0 X2 0 X2 1 X2 1
X3 1 X3 0 X3 1 X3 il X3 0 X3 1 X3 0 X3 1 X3 1
X4 0 X4 0 X4 1 X4 0 X4 1 X4 0 X4 0 X4 0 X4 0
X5 0 X5 1 X5 1 X5 0 X5 1 X5 0 X5 0 X5 0 X5 1

The binary relevance problem divides into 9 different single class classification problems as shown in the above table.5.
Experimental results have been evaluated using different evaluation measures, with example-based measures (hemming loss,
accuracy), label-based measures (micro F1 and macro F1), and ranking-based measures (one-error, coverage, and Average accuracy)
is detected.

The below table compares the multi-label classification evaluation model based on its different criteria using different classifiers
with the help of the binary relevance (BR) method.

Table 6. A. Binary Relevance Model Evaluation Comparison.

Classifier J48 SVM Decision Table Random Forest Logistic R. Naive Bayes

Accuracy 1 1 0.999 0.997 0.997 0.996 0.9
Hamming Loss | 0 0 0.001 0.001 0.001 0.031

Micro-F1 1 1 0.999 0.998 0.998 0.998 0.935

Macro-F1 1 0936 | 0.935 0.934 0.933 0.933 0.88

Averaged by example

Macro-F1 1 1 0.999 0.999 0.997 0.994 0.948
Averaged by label

One Error | 0.064 0.065 0.064 0.064 0.064 0.068
AvgPrecision 1 1 0.999 1 1 1 0.996
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B. Label wise Accuracy Comparison.

Label J48 SVM Decision Table Random Forest Logistic R. Naive Bayes
Anemic 1 1 1 0.999 1 0.990
IDA 1 1 1 1 1 0.982
VitB12 1 0.999 1 1 0.996 0.985
APA 1 0.999 0.999 0.999 1 0.989
SickleCell 1 1 1 1 1 0.976
FDA 1 0.999 0.996 0.998 0.999 0.904

ACD 1 1 1 0.999 0.998 1

Hemolytic 1 0.999 0.999 0.998 1 0.947
Thalassemia 1 1 1 1 1 0.950

The above table.6. A. shows model evaluation comparison with 6 different evaluation metrics and table.6. B. shows an example
base evaluation of 9 different labels using the binary relevance method of problem transformation of multi-label classification. The
best results achieved by the J48 classifier in each step are strong. Which is statistically significant.

2.2.1.2. Classifier Chains

The classifier chains method based on the BR method eliminates the shortcomings of the BR and performs a high forecast, retaining
the important advantage of the BR, a very important short-term complexity [19]. CC provides a normal problem transformation
method that has previously achieved BR efficiency and competes with higher accuracy of more computational complex methods
[8].

In this method, the first classifier is trained only on the input data, and then each subsequent classifier is trained on the input space
and all previous classifiers in the chain.

Here X is taken as the input space and Y as the label.

X | vl X [¥1|¥v2 X (Yl ]¥2]¥a
X1 1 X1 [0 X1 [0 |0
|1 (1 |1 (1 [1 |0
a1 oB(1 [0 B(1 [0 |1
X0 X0 [0 Mo [0 |1
XE| 0 XE|[0 |1 E(0 |1 |1
Classifier 1 Classifier 2 Classifier 3
X (Yl |y2|Y3|v4 X [ Y1 Y2 Y3 | ¥4 |¥s X (Yl Y2 |Y3|Y4]Y5 | Y6
XI[1 [0 o [0 XI[1 [0 [0 [0 [0 X1 [0 [0 [0 |0 |1
(1 [T [0 [0 (1 (1 [0 [0 [0 (1 [1 [0 [0 [0 |@
3(1 [0 |1 |1 B[(1 [0 |1 |1 [0 B(1 [0 |1 |1 [0 |1
X0 [0 |1 [0 X0 [0 |1 [0 |1 (0 [0 [1 [0 |1 |o
XE[(0 |1 |1 [0 XE[0 (1 |1 |0 |1 XE(0 |1 [1 |0 |1 |0
Classifier 4 : 5
Classifier 5 Classifier 6
X | Yl Y2 |¥3 Y4 |Y5 Y6 |¥7 X Yl |YZ|Y3|Y¥4|YE|Y6 Y7 |¥8 X | Y1 Y2 Y3 Y4 |Y5|Y6|Y7 | Y8 ]|¥9
X1 [0 [0 |0 |ao |1 |1 XI[1 |0 |0 |0 |o |1 |1 1 X1 [o |0 [0 |0 |1 |1 |1 |°
(1 (1 [0 [0 |0 [0 |@ (1 [T |0 [0 [0 |0 [¢© 1 x]1 J1 Jo Jo Jo Jo Jo J1 1
B[1 |0 1 1 |0 1 [0 31 o 1 1 o 1 |0 1 a1 |o 1 1 |0 1 o 1 1
X4 [0 |0 |1 [0 |1 [0 |@ X0 [0 |1 [0 |1 o [0 [} )0 Jo |1 J0o |1 @ [0 jO |©
XE|0 |1 |1 [0 |1 [0 |a& XE (0 |1 |1 [0 |1 |0 [0 ] )0 J1 |1 Jo [1 @ [0 Jo |1
Classifier 7 Classifier 8 Classifier 9

Fig.2. Multi Label Chain Classifier each Labels chain.

Both this method and the binary relevance method are similar, the only difference is that they form a chain to maintain the
relationship of the label.

The below table compares the multi-label classification evaluation model based on its different criteria using different classifiers
using the classifier chains (CC) method.

Table 7. A. Chain Classifier Model Evaluation Comparison.

Classifier J48 SVM Decision Table Random Forest Logistic R. Naive Bayes
Accuracy 1 1 0.999 1 1 1 0.85
Hamming Loss | 0 0 0 0 0 0.049
Micro-F1 1 1 0.999 1 1 1 0.902
Macro-F1 1 0.936 0.935 0.936 0.936 0.936 0.861
Averaged by example
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Macro-F1
Averages oy |aTbe| 1 0.999 1 1 1 0.908
One-Error | 0.064 0.065 0.064 0.064 0.064 0.142
AvgPrecision 1 1 0.999 1 1 1 0.9
B. Label wise Accuracy Comparison.
Label J48 SVM Decision Table Random Forest Logistic R. Naive Bayes
Anemic 1 1 1 1 1 0.978
IDA 1 1 1 1 1 0.969
VitB12 1 0.999 1 1 1 0.989
APA 1 0.999 1 1 1 0.971
SickleCell 1 1 1 1 1 0.960
FDA 1 0.999 1 1 1 0.951
ACD 1 1 1 1 1 0.997
Hemolytic 1 0.999 1 1 1 0.806
Thalassemia 1 1 1 1 1 0.936

The above table7. A. shows model evaluation comparison with 6 different evaluation metrics and table.7. B. shows an example base
evaluation of 9 different labels using the Classifier Chains method of Problem Transformation. The best results achieved by the J48
classifier in each step are strong. Which is statistically significant.

2.2.1.3. Label Power Set

In the problem transformation approach, the label power set method creates a new class for each connection of the label and then
uses a multiclass classification approach to solve the problem. Its disadvantage is that this approach leads to a fatal increase in the
number of classes, as a result, many generated classes have very low labeled patterns that lead to over-exploitation. And the
relationship between BR labels is not taken into account. In BR this defect is eliminated by the label power set, also known as label
cardinality [8].

Moreover, using all unique existing subsets (specific subsets of labels) of multi-labels in the training pattern using class target
values.

Here X is taken as the input space and Y as the label.

Table 8. Label Powerset each label Classification

X Y1 Y2 Y3 Y4 Y5 Y6 Y7 Y8 Y9
(Anemic) (IDA) (VitB12) (APA) (SickleCell) (FDA) (ACD) Hemolytic Thalassemia
X1 1 0 0 0 0 0 % 1 0
X2 1 1 0 0 0 0] 0 1 1
X3 0 0 1 0 1 0 0 0 0
X4 1 0 0 0 0 0 1 1 0
X5 1 1 0 0 0 0 0 1 1
X6 0 0 1 0 1 0 0 0 0

The above table.8.shows the same labels in X1 and X4 and the same set of labels in X3 and X6. Therefore, the label power set
transforms this problem into a multi-class problem as described below.

Table 9. Label Powerset each label Classification

X X1 X2 X3 X4 X5 X6 X7 X8 X9
Y1 1 2 3 1 4 3 5 6 3
The label power set problem as shown in the above table.9. has given each possible label combination a unique class.
Table 10. Label Power Set Model Evaluation Comparison.
Classifier J48 SVM Decision Table Random Forest Logistic R. Naive Bayes
Accuracy 1 1 0.996 0.94 0.999 1 0.981
Hamming Loss | 0 0.001 0.021 0 0 0.005
Micro-F1 1 1 0.997 0.955 1 1 0.991
Macro-F1 1 0.936 0.933 0.883 0.936 0.936 0.927
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Averaged by example
Macro-F1 1
Averaged by label 1 0.997 0.919 0.999 1 0.985
One-Error | 0.064 0.066 0.116 0.064 0.064 0.08
AvgPrecision 1 1 0.997 0.961 1 1 0.989
B. Label wise Accuracy Comparison.

Label J48 SVM Decision Table Random Forest Logistic R. Naive Bayes
Anemic 1 0.999 0.994 1 1 0.999
IDA 1 1 0.986 1 1 0.999
VitB12 1 0.999 0.974 1 1 0.994
APA 1 0.997 0.963 1 1 0.988
SickleCell 1 0.996 0.998 1 1 0.990
FDA 1 0.999 0.949 1 1 0.997
ACD 1 1 0.989 1 1 0.998
Hemolytic 1 0.998 0.967 1 1 0.996
Thalassemia 1 1 0.989 1 1 0.998

In this table.10. A. shows model evaluation comparison with 6 different evaluation metrics and table.10. B. the outcome acquires
by each Multilabel classification method are classified on the basis of six supervised algorithms. The results are presented using
different evaluation measures. The best results achieved by the J48 classifier in each step are strong. Which is statistically significant.

In the proposed work, the hamming-loss and accuracy of the example-based steps as well as in label-based measures, average
precision, and one-error are used to appraise the operation of the machine learning classifier.

3. Result and Discussion

The dataset contains 40938 samples in the training set and 768 samples in the test set where each component has 9 class labels. A
multi-label classification has been performed on the anemia dataset using the Meka-release-1.9.6 tool. Problem transformation
methods are used to build a model and evaluate their performance using measures such as average precision, one error, accuracy,
and hamming loss.

The operation of multi-label classifiers with various base classifiers, including J48, SVM, Random Forest, Logistic Regression,
Decision Tree, and Naive Bayes is present in the previous table.

Accuracy of Classifiers

1
0.95
0.9
0.85
0.8

0.75
SVM Decision Random Logistic Naive
Table Forest R. Bayes

EBR ECC mLP

Fig.3. Accuracy of classifiers difference.

Above Fig.3. Shows Classifier Chains with J48 classifier Depending on the method, the accuracy of the machine learning classifier
is more than any other classifier.
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Hamming Loss of Classifiers

0.05
0.04
0.03

0.02
0.01
— A e R e

148 SVM Decision Random Logistic Naive
Table Forest R. Bayes

EBR mCC mLP

Fig.4. Hamming- Loss classifiers difference.

Superior classification performance is indicated by a Hamming loss value of zero or lower. From Fig.4, it can be seen that the J48
is showing the good performance of the CC based model with base classifier in which the hamming loss value is found below.

One-Error of Classifiers

0.15
0.1

0.0

(93]

uau ﬂﬂh

SVM Decision Random Logistic Naive
Table  Forest R. Bayes

0

EBR EHCC ®mLP
Fig.5. The difference between a One-Error of classifiers.

Like the Hamming Loss, a reduced one-error value signifies a well-performing classifier. As shown in Fig.5, better performance of
both BR and CC-based classification is observed.

Average Precision of Classifiers

0.95

0.9

0.85
)48 SVM Decision Random Logistic Naive
Table Forest R. Bayes

EBR EHCC mLP

Fig.6. The difference between an Average Precision of classifiers.

Overall results in terms of accuracy and other multi-label classification criteria suggest that BR And CC-based J48 classifiers best
performance. Classification provides significantly higher performance. Therefore, multi-label classification can work very well in
anemia-type classification tasks in the CBC test.

The results indicate that the chain classification method using J48 classification provides a better classification of anemia type than
other methods. An analogical analysis of multi-label classifiers based on different operational steps is presented in the diagrams.
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4. Conclusions and Future work

Thus, the conclusion of the early diagnosis of anemia is very important. Through this severe disease can be avoided. An Individual’s
health can be corrected and the dropout proportion can be decreased.

The eight different types of anemia classification are also useful for predicting many serious diseases. IDA, Vitamin B12, Aplastic,
Sickle Cell, FDA (Folate Deficiency Anemia), ACD (Anemia of Chronic Disease), Hemolytic, and Thalassemia anemia have been
classified using classification algorithms. This work has been carried out with problem transformation-based methods like Binary
Relevance, Classifier Chains, and Label Powerset. The analysis is done using the classification function. The result of the multi-
label classification shows that J48 classifier in CC-based classifications offer significantly better performance than other
classifications.

As research opportunities and future work, the task of classifying different types of vitamin and mineral deficiency, infections,
inflammations, and cancer could be expanded using other machine learning algorithms to improve performance. Chronic diseases
and other serious diseases can be detected by other future parameters of CBC.
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