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Cervical cancer (Ca Cervix) is serious public health problem in women in the world. Fortunately, this disease is preventable.
Current prevention method remains low both in the result and participation. So, prevention or early detection method still
open and challenging. Behavior and its determinant are promising as Ca Cervix predictor and event as early detection. To
date, there is still limited amount of research conducted in Ca Cervix detection based on behavior and machine learning in the
combination of the field of public health and computer science. In this study, machine learning is used as classifier to detect
the probability of Ca Cervix risk based on behavior and its determinant. Two popular machine learning, Naive Bayes (NB)
and Logistic Regression (LR) are used as classifier. From the experimental result, both NB and LR are promising as classifier
to detect Ca Cervix risk based on behavior and its determinant with accuracy 91.67% and 87.5% respectively and with AUC

0.96 and 0.97 respectively.
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1. INTRODUCTION

Cervical cancer (Ca Cervix) is a serious public health
problem in women al over the world [1], it is the second
most common cancer among women worldwide [2]. The
estimate of globa Ca Cervix prevaence is 11.7%, and is
most prevalent in Sub-Saharan Africa (24.0%), Eastern
Europe (21.4%), and Latin America (16.1%) [3]. It is
evident that over 85% of cervica cancers occur in
developing countries [4].

In Indonesia, the part of the population at risk of
developing Ca Cervix, women aged 15 years and older, is
79.14 million. It estimates indicate that every year 13762
women are diagnosed with Ca Cervix and 7493 die from
the disease [5]. Common problems in the middle low
class is that they generaly seek care only when they
develop symptoms and by that time the cancer has
advanced and is difficult to treat [6].

Fortunately, almost every case of cervica cancer is
potentidly preventable [7] because of its dow
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progression, cytological identifiable precursors, and
effective treatments if detected early [8]. Recently, Ca
Cervix prevention based on screening (pap smear test and
VIA test) and Human papillomavirus (HPV) vaccination.

The scope of screening remains low in al regions
because of the lack of basic knowledge women have
regarding screening as an opportunity for the prevention
of cervical cancer [9], lack of awareness, being un-
comfortable with the procedure and not knowing where to
go for a pap smear test [10]. HPV vaccination does not
offer full protection either, because only some HPV types
are covered by the vaccines and the long-term efficacy of
the vaccines has not been determined yet [11].

Ca Cervix cannot be cured, so primary and secondary
prevention provides the best choices for this health care
issue [12]. Hence, primary prevention of Ca Cervix
through culturally-informed personal heath behavior
become important [13] since sexua behavior factors
increase the risk of Ca Cervix. The primary prevention of
Ca Cervix through behavior prevention that the early
doi:10.1166/asl.2016.7980
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detection of malignancies are cost-effective in reducing
cancer-specific mortality [14]. To date, the using of
behavior for Ca Cervix early detection or primary
prevention is limited and the using of machine learning
(ML) is limited as well for cancer early detection
especialy in Ca Cervix. In this Study, ML is used to
classify whether safe or risky from Ca Cervix disease
based on behavior determinant as early detection or
primary prevention.

This paper is organized as follows. In section 2, the
behavior determinant based Ca Cervix early detection is
given. In section 3, the machine learning classification as
early detection is presented. The experimental results of
eva uation from the proposed method for Ca Cervix early
detection based on behavior determinant with machine
learning are also presented in section 4. Finally, our work
of this paper is summarized in the last section.

2. BEHAVIOR DETERMINANT BASED CA CER-
VIX EARLY DETECTION

There are important variables for determining arisk of
Ca Cervix disease based on behavior. In socia science
theory including health science and psychology, behavior
is widely studied. Common behavior related theory or
model such as. The Hedth Beief Modd (HBM),
Protection Motivation Theory (PMT), Theory of Planned
Behavior (TPB), Social Cognitive Theory (SCT), €tc.

HBM is determined by two cognitions perceptions of
illness threat and evaluation of behaviors to counteract
threat [15]. A study states that indicates low levels of Ca
Cervix knowledge, perceived seriousness, and perceived
susceptibility coupled with high risk sexua behaviors
[16].

There are some theories in socid and hedth
psychology assume that intentions cause and determine
behaviors [17]. Whereas PMT mention that the primary
determinant of performing is protection motivation or
intention to perform prevention behavior [18]. Motivation
is one of determining factor of organizationa prevention
behavior [19].

In TPB, behavior is affected by intention, while
intention is assumed to be determined by three factors:
atitudes, subjective norms, and Percelved behaviord
control (PBC) [18]. Attitude and subjective norm
interacted with perceived control such that both were
more potent predictors of intention [20].

In SCT that prevention behavior is held to be
determined by three factors: goals, outcome expectancies,
and self-efficacy [15]. Emphasizing social support among
participants may improve cervical cancer prevention
behavior [21]. Empowerment may be defined as a system
of beliefs, referring to the ability to make decisions,
access information, and use socia and interna resources
to cervical cancer prevention behavior [22].

From those theories perspective, there are seven
determinants of behavior, i.e: perception, intention,
motivation, subjective norm, attitude, social support and
empowerment. In this study, these eight variables (seven
determinants and behavior itself) trandated into
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guestionnaire with nine questions for each variable. The
guestionnaire then distributed to 72 respondents with 22
respondents is Ca Cervix sufferers and 50 respondents is
not Ca Cervix sufferers. All of respondent is urban citizen
in Jakarta, Indonesia. This seven determinants and
behavior itself are using as features or attributes to create
a classfication model with machine learning as early
detection for Ca Cervix risk.

3. MACHINE LEARNING CLASSIFICATION AS
EARLY DETECTION METHOD

Machine learning methods commonly used for early
detection, such as: early detection of Alzheimer's disease
[23], early detection of liver disease [24], and even for
cancer prediction and prognosis [25] with classification as
common technique. Some machine learning agorithm
from classification technique, such as Naive Bayes (NB),
Logistic Regression (LR), C4.5, k-NN and Support Vector
Machine are top 10 agorithm in data mining [26].

In this study, NB and LR are used as classification
methods for Ca Cervix early detection based on behavior
determinants. NB is often used to outlier or novelty
detection [27], [28]. NB is fast, easy to implement with
the simple structure and effective [29]. NB classifier
continues to be a popular learning algorithm for data
mining applications due to its simplicity and linear run-
time[30].

While LR commonly used in health science research
for classification since many statistical package has LR in
their software such as SPSS. LR provides a mechanism
for applying the techniques of linear regression to
classification problems [31]. LR is linear classifier that
proved as powerful probability statistic classifier and has
ability to handle multi-class classification [32].

In this study, the evaluation method using the
classifier’s effectiveness [33]. The results of this process
will produce a confusion matrix that contains the value
true positive (TP), true negative (TN), false positive (FP)
and fase negative (FN) as shown in Table 1. TP means
when predicted value is risky while the actua vaue is
risky aswell. In case of safe status, when predicted value
is safe and the actual value is safe, it is TN. FP is when
predicted value is risky while the actua value is safe.
With the opposite, FN, when predicted value is safe while
the actua value isrisky. The main evaluation of this study
is accuracy and area under receiver operating
characteristic (ROC) curve (AUC). AUC evaluates the
performance of a scoring classifier on a test set, but
ignores the magnitude of the scores and only takes their
rank order into account. AUC is expressed on a scale of 0
to 1, where O means that al negatives are ranked before
al positives, and 1 means that al positives are ranked
before all negatives[31].
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Table.1. Confusion Matrix

Actual
Predicted Risky Safe
Risky TP FP
Safe FN TN

Based on confusion matrix as shown in Table 1, the
accuracy calculation asfollows:

e B TP+TN
CCUracy =5 oy T FPTEN

4EXPERIMENTAL RESULTS

The experiments are conducted using a computing
platform based on Intel Core 2 Duo 2.2 GHz CPU, 2 GB
RAM, and Microsoft Windows 7 32-bit operating system
and Rapidminer version 5.3 as data analytics tool.
Rapidminer will produce both accuracy and AUC as the
caculation output. In this study, we conduct two
experiments to evaluate the behavior determinant as
attributes to classify whether the respondent has safe from
Ca Cervix disease or risky with NB and LR. Each
experiment using 10-fold cross validation, so the dataset
will split into 10 parts dataset, 1 part as testing dataset and
the rest as training datasets and this process repeated 10
times.

The result of first experiment, taken from Rapidminer
calculation output, is the model using NB as classifier is
shown in Table 2 and Figure 1. From the confusion matrix
as shown in Table 2, the accuracy of the modd is 91.67%
and as shown in Figure 1, the AUC is 0.96. This
classification accuracy is excellent since it’s above 90%
and as preliminary research in this topic; this result is
promising both from accuracy and AUC.

Table.2. Confusion Matrix of NB Classification

Actua
Predicted Risky Safe
Risky 17 2
Safe 4 49

Accuracy = (17+49) / (17+49+2+4) = 0.9167
= 0.9167 x 100% = 91.67%

As shown in Table 2, the accuracy is high since FP
and FN are low, 2 and 4 respectively; while TP and TN
are high, 17 and 49 respectively. From this result, NB
amost recognize or predict al of actua status both risky
and safe.
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Fig.1. AUC of NB

The result of second experiment is the model using
LR as classifier is shown in Table 3 and Figure 2. From
the confusion matrix as shown in Table 3, the accuracy of
the model is 87.5% and as shown in Figure 2, the AUC is
0.97. Thisclassification accuracy is good enough since it
almost 90% and the AUC is above 0.95.

Table.3. Confusion Matrix of LR Classification

Actud
Predicted Risky Safe
Risky 16 4
Safe 5 47

Accuracy = (16+47)/ (16+47+4+5) =0.875
=0.875 x 100% = 87.5%

== PCIC == 20C (Th-2sholds)

110

Fig.2. AUC of LR
From both experiment, we can see that NB is
outperform LR in accuracy but LR is outperformin AUC.

Both classifiers have good result since this is the primary
research of thistopic.

doi:10.1166/asl.2016.7980
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5. CONCLUSIONS

Ca Cervix is a serious public health problem in
women throughout the world and fortunately preventable.
The primary prevention of Ca Cervix through behavior
prevention as early detection has many advantage, such as
reduce mortality and increase effectiveness of treatments
if detected early. To date, there is till limited amount of
research conducted in Ca Cervix detection based on
behavior and machine learning in the combination of the
field of public health and computer science.

Based on the experimenta result, the models of this
study is promising since the classification accuracy above
90% and AUC is above 0.95. Behavior determinant
become important aspect to involve in Ca Cervix primary
prevention and with this promising result, behavior could
be preemptive prevention. Behavior prevention approach
is cheaper than other approach such as HPV vaccination,
Pap smear test and VIA test. This study is still preliminary
research and still open for further improvement; so, we
establish a benchmark for next research comparison since
we provide both accuracy and AUC.

Future research will be concerned with feature or
atribute selection in order to increase the accuracy and
the using meta-learning techniques such as boosting and
stacking.
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