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ABSTRACT
This paper presents models to predict the result of cervical cancer treatment by
radiotherapy using Back Propagation Artificial Neural Network (BPANN). In order to select

appropriate input factors for the model, the researchers studied factors that had an effect on
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cervical cancer. Stepwise factor analysis was used to analyze the relationship between the
factors and the result of cervical cancer treatment. The results show that there are five factors
that are significant in the result of cervical cancer treatment by radiotherapy; these include
the cancer stage, age, tumor size, type of cancer cell, and body weight. Medical research
has shown that hemoglobin is also related to the treatment of cervical cancer. Therefore,
hemoglobin was also used as an additional input factor of the prediction model. The artificial neural
network (ANN) and logistic regression models were constructed and used to predict the results
of cervical cancer treatment. In order to analyze for the appropriate models, the factors data
from 1994 to 1998 were used in the study. The results showed that the accuracy was very
high but the models could not identify the specificity rate. The analysis results showed that
the problem came from imbalanced data sets. In order to improve the efficiency of the models,
Cost Sensitive Learning (CSL) and Synthetic Minority Over-sampling Techniques (SMOTE)
were addressed to resolve the imbalance in the data sets. The output data sets were used
to construct the artificial neural network and logistic regression models. The experimental
results show that the accuracy, sensitivity and specificity of the ANN with SMOTE are 81.71%,
94.47% and 55.47% compared to the Logistic Regression with CSL are 81.00%, 84.52% and
30.66%, respectively. The results showed that the ANN with imbalanced data by SMOTE

was more accurate than the logistic regression with imbalanced data by CSL.
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/ Preprocessing

[

Data Collection ]

v

Data Cleaning and Formatting ]

v

Stepwise

Y

.U

A 4

[ ] Imbalance Techniques
ANN Model
v [ Over ] Cost Sensmve]
Sampling Learning
Logistic Regression
Model

ANN Model

v

Efficiency Evaluation ]

MNH 2 AEMIMEIUNS

MUE  (Predicted)

AANNIN (Actual)

uan  (Positive)

aU (Negative)

uIn  (Positive)

True positive (TP)

False negative (FN)

au (Negative)

False positive (FP)

True negative (TN)

~ o A A v w oy <
GIINN 2 {]T’UQ‘EW]Lﬂfl')?lﬂ\iﬂUﬂ'JElNZLiQﬂ']ﬂNﬂQﬂ

;AU tadzdune fau Uadzdune
1 21el (Age) 10 a‘hmummﬁmm (Abortion)
2 | wwndiimsinen (Doctor) 11 | szduemasuecdlulnaiiy (Hbaverage)
3 | nguaduzsathnuagn (PathoGroup) 12| aguaniagianu (Provice_Grouping)
4 | wadnziGenguday (M_code) 13 | 211020998aNeL59 (Tumor_Size)
5 waaUsean (Squamous cell carcinoma:SCC) 14 ﬁmﬁﬂwaq@'ﬂm (Body_Weigh)
6 | 3zAUMINAYBNLANSN (Grade_DIS) 15 ﬁ)qmqﬁtﬂumﬁwmmgn (Mentru)
7 | szazuaslsa (StagingGrouping) 16 | 1thwanemssne (Aim_Treat)
8 aiwmumi(?iy’mﬁﬁ (Gravidity) 17 5nwmzn1iqnawuwaqmaﬁu:t‘%a (Center)
9 ﬁwmuwmmsmaaﬂqm (Parity)
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M5 4 ﬂ'wmﬂﬁLﬂai'ﬁﬁmmﬁﬂwmﬂﬁ'amqﬂ

M5d15I98 W, (ud.) 13 (1) : 8.0, - §.A. 2556

'
=1

UUUAAUIY , .
NINRUAAINIHLADS ANN+CSL | ANN+SMOT
ey Javs U Input 6 6
1 | ae (Age) AUIU Output 1 1
2 svzu84915A (StagingGrouping) Mmnuudau 7 7
3 2NAVDITAINLLZI (Tumor_Size) ﬁwé’mwms@mu;}' 0.1 0.1
4 | nguuadnzSathnuagn (PathoGroup) A laaudn 0.2 0.1
5 | thwiinzasthe (Body_Weigh) PNUIBY 2500 5000
6 | seeuaiadevesdlulnady (Hbaverage)
M519d 5 UszanSmnmsmuneamalaseinelssanmiisn (ANN) waziSonnasladdin (Logistic)
Method K-Fold | TP (%) | TN (%) |Accuracy (%)
ANN nn K 100.00 0.00 93.50
Logistic nn K 100.00 0.00 93.50
MI1N 6 Uszansmumsmuneaielasehelssaniian (ANN) wWisuiiisunvitonnasladadin
(Logistic) nasnnuiuanulaiaugavesdayadieis CSL uas SMOTE
Method K-Fold TP (%) T™N (%) Accuracy (%)
ANN + CSL 4K 76.70 40.88 74.37
ANN + SMOTE 5K 94.47 55.47 81.70
Logistic + CSL 4K 84.52 30.66 81.02
Logistic + SMOTE 5K 90.71 16.27 66.34

#1519 7 USEENSMWASMUNENENISINE

Method ™ (%) ™ (%) Accuracy (%)
ANN + CSL 98.41 0.00 96.12
ANN + SMOTE 97.62 33.33 96.12
Logistic + CSL 87.30 66.67 86.82
Logistic + SMOTE 93.65 33.33 92.25




