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Abstract— The literary classification system is the best solu-
tion to improve the data search process. In terms of the need, its
goal is to compare the relevant biomedical papers and discover
novel knowledge to identify potential research issues. This paper
will present cancer literature classification performance by
comparing three approaches, Naive Bayes, Neural Network and
Linear Classifier with SGD training. The propose approaches
classify biomedical literature in five classes of cancer literature
type namely, bone cancer, gastric cancer, kidney cancer, skin
cancer and papillary thyroid cancer by using 9259 documents.
General steps for building classification refer to the classifica-
tion of scientific literature. The result shows that all algorithms
successfully can be used to classify cancer literature. However,
for the best performance, it is strongly recommended to use Na-
ive Bayes and Neural Network.

Keywords—classification performance, naive Bayes, neural
network, linear classification

1. INTRODUCTION

Regard to the database of the World Health Organization
(WHO) annual death registration, cancer is the second leading
cause of death globally, 9.6 million deaths in 2018 [12]. Thus,
cancer becomes an essential study area for biomedical re-
search. The vast number of biomedical literature has prolifer-
ated, provide a rich source of knowledge to improve the de-
velopment of biomedical research. Figure 1 shows the number
of literature on cancer research for the past ten years. The data
collected from PubMed using “cancer” as a keyword in the
searching of title or abstract.
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Figure 1. The Number of Cancer Publication in PubMed

Until the beginning of 2020, there are 845.908 cancer pub-
lications retrieved from PubMed. Abundant of cancer litera-
ture become an essential problem when researchers need to
compare the relevant topic papers and discover novel
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knowledge to identify potential research issues. This study ad-
dress to help researchers to overcome these difficulties by
classifying the cancer literature using text mining methods.
Realizing the superiority of the classification of text mining is
expected to help cancer researchers find the literature easily
and quickly. Sang-Woon Kim [8] used the TF-IDF and LDA
scheme to support the paper classification system. This re-
search produces a classification system that has two objectives.
The first objective is classifying research papers using key-
words and topics with the support of high-performance com-
puting techniques. Then, the papers that have been classified
will be applied to search papers in the field of research expe-
ditiously and efficiently. In addition, the classification perfor-
mance is another concern, and bias can occur if inaccurate dis-
ciplinary assignments exist in the scientific classification sys-
tem especially if there is a significant proportion of multidis-
ciplinary journals in the reference lists [10]. More considera-
tion should be given to the robust and accuracy of classifica-
tion schemes by consideration of the importance of classifica-
tion in the construction and analysis of bibliometric indicators

(2].

Different from the methods as mentioned above, in the
following, we propose to specify literature classification in
cancer type that will be remarkably effective to collect and
analyze information in biomedical research. This study will
also compare the classification performance of three
approaches, Naive Bayes, Neural Network, and Linear
Classifier with SGD training. The Naive Bayes approach was
successfully applied to classify scientific literature into
predetermined categories, according to the needs of the
researchers. Furthermore, this approach increases the
effectiveness of work in identifying and solving potential
research problems and dramatically facilitates scientific
research. [8]. In recent years, neural network-based
approaches become potential and dominant methodology in
biomedical relation classification. The advantage of Neural
network-based approaches that is can effectively and
automatically learn the underlying feature representation from
the labelled training data [11]. Stochastic Gradient
Descent (SGD) has been successfully applied to large-scale
and sparse machine learning problems often encountered in
text classification and natural language processing.
Furthermore, through SGD convex loss functions, such as
(linear) Support Vector Machines and Logistic Regression,
can be learned in a profoundly efficient approach to
discriminative learning of linear classifiers [7].

There are five types of cancers literature considered as a
sample of classification problem, namely, Gastric cancer, Skin
cancer, Bone Cancer, Kidney cancer, and Papillary Thyroid
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Cancer. All corpus in the form of title and abstracts, in total
9,259 documents.

This project has six sections. It starts from converting data
from xml format to csv format, performing vectorization,
removing stop words, stemming, doing term frequency-
inverse document frequency (TF*IDF), and training as well as
testing all data in Jupyter Notebook and Python environment.

Training and testing process will be carried out in three
approaches. Respectively, testing for 80% of training dataset
and 20% of the testing dataset, 70% of training dataset and
30% of testing dataset, and 60% of training dataset and 40%
of the testing dataset.

II. THE PROCEDURES FOR CLASSIFICATION

Referring to the classification of scientific literature, gen-
eral steps for building a classification model as presented in
Figure 2 are [9]:

A. Determining a classification scheme
B. Reading text documents
C. Text preprocessing
D. Classification
@‘V’ A
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Figure 2. General Steps of Classification Process

A. Determining Type of Cancer Literature

To guarantee the results validity of the design, it is essential
to do stages in the design shown in Figure 3.
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Figure 3. Model Architecture for Cancer Literature Classification

The stage determining a classification scheme is related to
the development of a classifier of cancer literature. They are
formed according to the five types of cancer literature that will
be analyzed in this study are: Bone Cancer, Gastric Cancer,
Kidney Cancer, Papillary Thyroid Cancer and Skin Cancer.

The following is a general explanation of each type of can-
cer. The first type is bone cancer. Many kinds of cancer can
begin in the bones. The most common types of bone cancer in

children and adolescents are osteosarcoma and Ewing's tumor.
Bone cancer is divided into two types, namely primary and
secondary bone cancer. Primary bone cancer exists and grows
in bone cells, while secondary bone cancer starts from else-
where and spreads to the bone. The second type of cancer is
gastric cancer, which is a type of disease in the stomach lining.
The symptoms of gastric cancer can be in the form of indiges-
tion and stomach discomfort or pain. The third type is kidney
cancer. It is one of the most common types of cancer in adults
in their 60s or 70s. This cancer is also known as kidney cancer
since it first appeared in a small tube lining in the kidney. The
fourth type is papillary thyroid cancer. It is recognized as an
asymptomatic disease with a mass in the neck as the most
common symptom. The last type is skin cancer, which occurs
because of long-term skin in the sun. There are three main
types of diseases such as basal cell carcinoma, squamous cell
carcinoma, and myeloma caused by abnormal growth of skin
cells [1].

B. Text Documents

This phase is used to present the text documents in a clear
word format. All text document resources extracted from
PubMed.gov, https://www.ncbi.nlm.nih.gov/pubmed/.  The
advanced search feature is used to collect tittle and abstract of
literature from a set of massive papers efficiently as well as to
get specific data by selecting Date — Publication,
Title/Abstract, and name of cancer in the searching box.

In this paper, we utilized the title and abstract data of
research papers, since these two parts of papers are the most
part that users read to catch the main idea of the research
before reading other contents in the body of a paper [8].

The number of data collected varies according to
availability on PubMed servers and result of data cleaning
processing. The data mapping can be seen in Figure 4.
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Figure 4. Data Collecting

The data in the form of titles and abstracts were collected,
starting from the smallest to the most significant number in the
sequence are as follows: 1,062 documents of skin cancer,
1,404 documents of bone cancer, 1,805 documents of
papillary thyroid cancer, 1,872 documents of gastric cancer,
and 3,116 documents of kidney cancer.

C. Text Preprocessing

The stage of text pre-processing starts from extracting Ab-
stract Title and Abstract Text, then converting xml files into
csv files. The sample code and result are presented in Figures
5 and 6 below:
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Source Code [ )

import glob
from xml.etree import ElementTree

counter = @
title_list = []
abstract_list = []

directory = */Users/cg/Google Drive/Codes/Python/data-anna’
for file in glob.iglob(directory + "*.xm1"):
with open(‘file’, ‘rt') as f:
tree = ElementTree.parse(f)
root = tree.getroot()

for title in root.iter('ArticleTitle’):
title_list.append(title.text)

for abstract in root.iter('AbstractText'):
abstract_list.append(abstract.text)

for 1 in range(0, len(title_list)):
print(i)
print(‘Title: *, title list[i])
print(‘Abstract: °, abstract_list[i])

Result

°
I

Title: Dounregulation of Cdc6 inhibits tumorigenesis of osteosarcoma i vivo and in vitro.
Abstract: Osteosarcoma is the most frequent malignant bone cancer in teenagers. In this study, cell division cycle 6 (Cd
¢6) was upregulated in the tumor tissues from patients with osteosarcoma according to the results of RNA sequencing. Cdcé
has been considered as a candidate prognostic marker, which was associated with cell apoptosis and cell cycle. However, t
he mechanisms by which Cdc6 regulates the apoptosis and cell cycle arrest in osteosarcoma remain unclear.

Title: [Study on analgesic effect and mechanism of cinobufagin on rats with bone cancer pain].
Abstract: Firstly, 3 pairs of osteosarcoma and adjacent normal tissues were subjected to RNA sequencing. In addition, th
e levels of Cdc6 in 30 pairs of patients’ tissues and in osteosarcoma cell lines were detected by western blotting and R
T-GPCR. Moreover, the effects of Cdc6 on cell proliferation, apoptosis, cell cycle and invasion were evaluated by cell co
unting kit-8 (CCK-8), flow cytometric and transwell assay, respectively.

2

Iitle: [Relationship between expression of high-mobility group box-1 and inflammatory cytokines in patients with bone ca
ncer pain].

Abstract: Cdc6 was significantly upregulated in patients with osteosarcoma and in osteosarcoma cell lines. Downregulatio
n of Cdc6 inhibited the proliferation and invasion of MG63 cells by promoting apoptosis. In addition, downregulation of C
dc6 induced G1 phase cell cycle arrest. Moreover, inhibition of Cdc6 downregulated the expression of Cyclin D1 and Cyclin
A2, and upregulated the level of p21 in MG63 cells. In vivo study confirmed downregulation of Cdc6 inhibited osteosarcoma

Figure 5. The Process of Data Extracting
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Figure 6. The Data in CSV Format

The output documents are then provided for the next phase
in text classification that includes:

Tokenization: Before partitioning into the token list, the
document is treated as a string in advance.

Removing stop words: The process to remove the
insignificant words or stop words such as “the”, “a”,
“and”, etc.

Stemming word: This step is the process of conflating
tokens to their root form. Converts different word forms
into a similar canonical form can be done by applying
the stemming algorithm, e.g. change the word “Classifi-
cation” and “Classified” into the word “Classify”.

The related program codes of this step are depicted in
Figure 7. The next step can be seen in Figure 8, and it is
responsible for inversing term/document frequency (TF*IDF).
The TF-IDF has been widely employed to evaluate the
relationship of each word in the collection of documents in the
fields of information retrieval and text mining.

D. Classification

The classification will be applied in three treatments with
three methods: Neural Network, Naive Bayes, and Linear
Classifier with SGD training. Moreover, in the following
subsections, we used a diverse number to indexes each cancer
literature, (1) for Bone Cancer, (2) for Gastric Cancer, (3) for
Kidney Cancer, (4) for Papillary Thyroid Cancer, and (5) for
Skin Cancer, respectively.

Code of Data Removing [ ]

[*index", "cancertype, “Abstract']
DataFrame(columns=columns)

ct*].str. lower()

datalstr(*Ab

sct*)].replace(’ [a-2A-20-9-_.]+§[a-zA-20-9-_.]+*, *, regex=True)

data[ ct').replace(’ ((25(0-5]]2(0-4](6-9](01]2[0-9](0-9]2)(\.|$))(4}", **, regexsTrue)

.str.replace("[*\w\s]","")

tract’).replace('\d", *', regex=True)
ows () 2
1ze(row[str("Abstract”)])
w for W in word_tokens if mot w in stopuords.words(’english’)]
= type'],"Abstract”: "

word_t
filterad_sentence
df_ = df_.append({"index": row["index'

T ".join(filtered_sentence[0:])},
data = df_

], “cancertype":

X_train, X_test, y_train, y_test = train_test_split(data[ 'Abstract’].values.astype('U’),data[  cancertype®].values.astype('U’
classes = data['cancertype’].unique(

scessing
s dex”, "cancertype’, “Abstract’]
pd. DataFrana(columns=columns

] = data["Abstract’].str.lower()
dress

] = data[str(Abstract)].replace(’ [a-A-78-9-_.]+@la-zA-78-9-_.]+", **, regex=Trua)

stal “Abstract’ ] replaca('((25[8-5]|2(0-4][8-5] | [81]7[8-9][8-0]2)(\.[§)} (4], ', regexaTrus)

d special chracters
act’] = data["Abstract’].str.replace([*\is]", ")
dara[ *Abstract’] = data[Abstract’].replace('\d", '*, regex=True)
#remove stop words
far index, row in data.iterrows():
word_tokens = word_tokenize(row[str( Abstract’)]}
filtered_sentence = [w for w in word_tokans 4f not w in stopuords.words( english’}]
df_ = df_.append({index": row['index'], “cancertype”s row|'cancertype’'],"Abstract”: "

2 *.join(filtered_sentence[0:])},
data = df_

X_traln, X_test, y_train, y_test = train_test_split(data| Abstract’].values.astype(’U'},data[ cancertype’].values.astype( U’
classes = data["cancertype’ ].unique()

Figure 7. Code of Data Removing

TF*IDF [ ]

vectorizer = TFidfVectorizer(analyzer="word' ,ngram_range=(1,2), max_features=50000,nax_df=0.5,use_idf=True, norm='12")
counts = vectorizer. fit_transform(X_train)
vocab = vectorizer.vocabulary_

Figure 8. TF*IDF

At the stage of classification, the researchers divided the
data into two parts with different proportions. Specifically, the
proportions of training dataset and testing data are 80% and
20% (called 0.2 for short), 70% and 30% (0.3), and 60% and
40% (0.4), respectively. Figures 9 ~ 14 show the results for
each method’s model accuracy and confusion matrix form in
0.3 proportion, while the complete result of accuracy is
presented in Table 1.

Model Accuracy:9.89

precision recall fl-score support
bone .90 .84 8.87 489
gastric .85 .87 .86 560

kidney
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skin

.96 .88 8.92 325
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Figure 9. Model Accuracy of Neural Network with Proportion 0.3

Confusion Matrix, With Normalization
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Figure 10. Confusion Matrix of Neural Network with Proportion 0.3
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Model Accuracy:8.89

precision recall fl-score support

bone B.89 0.83 B.86 489

gastric 0.86 0.86 8.86 560
kidney 0.88 0.93 8.91 943
papillary 8.97 8.87 @8.92 325
skin .87 0.88 8.88 541

micro avg .89 8.89 8.89 2778
macro avg .89 9.88 8.88 2778
weighted avg .89 8.89 8.89 2778

Figure 11. Model Accuracy of Naive Bayes with Proportion 0.3
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Figure 12. Confusion Matrix of Naive Bayes with Proportion 0.3

Model Accuracy:9.89

precision recall fl-score support

bone 9.91 .83 8.87 489

gastric .86 8.87 8.86 568
kidney 9.88 8.93 8.9a 943
papillary a.96 @.88 8.92 325
skin 9.88 0.88 8.88 541

micro avg a.89 @.89 .89 2778
macro avg a.98e @.88 .89 2778
weighted avg a.89 @.89 .89 2778

Figure 13. Model Accuracy of Linear Classifier with Proportion 0.3
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Figure 14. Confusion Matrix of Linear Classifier with Proportion 0.3

TABLE I. RESULT OF ACCURACY FOR 9,259 INSTANCES
Mehtod Testing Datasct

02 03 04
Naive Beyes 0.89 0.89 0.89
Neural Netwark 0.89 0.89 089
Linear Classification 0.89 0.89 0.89

III. EXPERIMENTAL RESULTS

A. The Analysis of Accuracy Result

After going through the stages of determining the
classification scheme, reading text documents, text
preprocessing and classification, the results for each condition,
i.e., 0.2,0.3, and 0.4, are obtained as shown in Table 2 below:

TABLE II. RESULT OF ACCURACY FOR HUNDREDS INSTANCES

Testing Dataset.

Mehtod 02 03 0.4
Naive Beyes 0.90 0.97 0.93
Neural Network 0.80 0.97 093
Linear Classification 0.90 093 090

Each method manifests the same performance for an
accuracy result of 0.89/1 but produces different confusion
matrix that will explain further in the analysis of confusion
matric section. This condition presents the initial hypothesis
that more number of instances result in more stable accuracy.
The researchers also reclassified documents with fewer data
to examine the performance of each algorithm. As shown in
Table 2, the result of accuracy shows more vary for each
method when using hundreds of data instances.

The data describe all methods have the same accuracy per-
formance when using 20% testing dataset, each 0.9/1. While
Naive Bayes and Neural Network present higher performance
than Linear Classification when using 30% and 40% testing
dataset, each respectively at 0.97/1 and 0.93/1.

B. The Analysis of Confusion Matrix

The result of the confusion matrix is presented in Table 3
below. In this confusion matrix, the system manages to
classify each cancer literature with average accuracy 0.84/1
for Bone cancer, Gastric cancer, Papillary cancer and Skin
cancer. In contrast, Kidney cancer gets the highest accuracy
on average 0.93/1. This condition is highly possible because
of a more significant amount of kidney dataset than other
cancer literature. For reference, Kidney cancer literature has
3116 datasets, whereas four other types of cancer literature
have approximately only a thousand dataset.

TABLE III. RESULT OF CONFUSION MATRIX

Cancer 0.2 0.3 04

Type NB NN LC NB NN IC NB NN IC
Bone 0583 0.83 0.83 0.83 0.84 083 0.83 0.83 0.83
Gastric 0.84 0.86 0.86 0.88 0.87 0.86 0.89 0.87 0.86
Kidney 0.94 0.93 0.93 0.54 0.93 0.94 0.94 0.93 0.93
Papillary 0.87 0.87 0.89 0.87 0.e8 0.89 0.87 0.88 0.89
Skin 0.88 0.88 0.87 0.89 0.88 0.87 0.89 0.88 0.87

Figure 15 shows a comparison of the confusion matrix of
three types of the algorithm more precisely with the proportion
of 0.3 testing data.

0,96
0,92
0,88
0,84
0,80
0776
Naive Bayes Neural Network Linear Classifier
Bone Gastric Kidney Papillalry B skin

Figure 15. Comparison of Accuracy Performance (0.3)

C. The Analysis of Classification Result

Table 4 depicts information about the mapping of correct
and incorrect instances. The data shows incorrect instances
for the literature of Gastric cancer, Papillary Thyroid Cancer
and Skin Cancer tend to kidney cancer literature in the
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number of 0.07/1. In addition, bone cancer literature tends to
map inaccurate cases for Gastric cancer as well as Kidney
cancer in the number of 0.07/1. On the other hand, incorrect
instances of Kidney cancer literature itself tend to skin cancer
with the highest missed classification in the number of 0.03/1.

TABLE IV. RESULT OF INCORRECTLY INSTANCES

0.2 03 04

Bone Gastric Kidney Papillary Skin  Bone Gastric Kidney Papillary Skin  Bome  Gastric Kidney Papillary —Skin
Bone 0.83 0.07 0.06 0.00 003 083 0.07 0.07 0.00 003 083 0.06 0.06 0.00 0.04
Gasric 002 088 | 006 000 003 002 087 007 001 003 002 08 007 001 004
Kidney = 0.02 0.01 0.94 0.00 002 002 0.02 093 0.01 003 002 0.01 093 0.01 0.02
Paillary  0.00 0.06 0.05 0.87 002 001 0.04 0.05 0.88 002  0.00 0.03 0.05 0.89 0.02
skin 000 004 | 007 000 08 001 004 007 001 08 001 004 007 000 087

Correctly Instances

The Most Incorrectly Instances

The data above were obtained from the confusion matrix
summary of the neural network, with sequential proportions
0f 0.2, 0.3 and 0.4. Since it is considered as the best algorithm
for classification of cancer literature.

IV. CONCLUSION

Based on confusion matrix analysis, the result indicates
that type of cancer literature with the most significant number
of instances will show the highest accuracy, that is Kidney
Cancer literature and followed by other types of cancer
literature based on their number of instances. Meanwhile, the
mapping of incorrect instances confirms that the highest
missed classification of each cancer literature tend to Kidney
cancer while Papillary Cancer literature becomes the lowest
number of missed classification.

Incorrect instances can be prompted by the relationship
between two different cancer types, for example, incorrect
literature interpretation of Bone Cancer and Gastric Cancer
caused by relational of the research topic of both cancer, that
usually Gastric Cancer initially presenting as bone metastasis.

Furthermore, the disambiguation classification of cancer
type can also be provoked by strong association from each
cancer type, as shown by Kidney Cancer. Considering the
treatment for cancer survivor will use a considerable amount
of medicine that will harm the patient’s liver, Kidney Cancer
will be the most common synchronous clinical effect in
patients. This case vice versa with Papillary Thyroid cancer,
wherein only 0.00 ~ 0.01 will likely to be wrong mapped as

Papillary Thyroid because of a weak relationship between
papillary cancer with other cancer topics, in this case, Bone
Cancer, Gastric Cancer, Kidney Cancer and Skin Cancer.

The results of this study showed that all algorithms
successfully could be used to classify cancer literature.
However, for the best performance, it is strongly
recommended to use Naive Bayes and Neural Network
methods by dividing 70% training dataset and 30% testing
dataset.
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