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Cancer Classification Prediction Model Based on Correlation and Similarity

ZHANG Xue-fu ZENG Pan JIN Min

(College of Computer Science and Electronic Engineering, Hunan University,Changsha 410006 , China)

Abstract Cancer diagnosis based on empirical histopathology often has a high rate of misdiagnosis. Analyzing and stud-
ying cancer {from the gene level is one of the important ways to improve the accuracy of cancer classification prediction
at this stage. Biological studies have shown that the related genes of the same kind of cancer share common functional
characteristics. Based on this, this paper proposes an integrated method of correlation and similarity for cancer classifica-
tion prediction: First,on the one hand, statistical analysis of differential expression of genes The use of mutual informa-
tion methods to perform correlation calculations on gene expression profiles. On the other hand, the similarity analysis
between genes was performed on the basis of biological mechanisms,and the protein interaction network and GO data
were genetically performed based on topological similarity and semantic similarity,respectively. The functional similarity
calculation between the two,the combination of the two,that is,the feature set is selected by simultaneously maximizing
the relevance and similarity of the target set;then the diversity of the data set is sampled by Bootstrap method,and the
selected feature set in the front Based on the above, we use multiple different machine learning algorithms to train a
number of differently differentiated prediction models. Finally,the multiple models are used to classify the test samples
and obtain the final classification results through the decision model. The classification prediction of four different cancer
datasets in GEO was compared with the latest research methods,and the classification accuracy on each dataset was im-
proved by about 5% ,which is up to 10% higher than that of IG/SGA methods. Increased accuracy. The experimental
results show that the method of combining relevance and similarity can effectively improve the accuracy of cancer classi-
fication prediction. Selecting the obtained characteristic genes is beneficial for revealing biological significance,and the
advantages of multiple algorithms can be complemented to solve the problem that the application scope of a single clas-
sification algorithm is limited. problem.
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Negative)d FiiEIE ., & TP,FN,FP, TN 43 3| 378 H X} B
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Table 2 Confusion matrix of classification result

EiPUE-
HERKR
f BEHE  EFHA
A TP FN
IE R AR FP TN

5.3 XRERNW

A CEBHFFT PR 10 I8 LREE ., RER 4=
0.7, HERBERE mi =5, my=5,my=5,m, =5, A3l it
A7 SR 52 06 ok 15 A Bk PR Y S 8 B E SVML BRI
A% BRI R E B b AR SO A3 SR T 3 SR R (R R B 2
0 A% bR ORI AR 1] ik v 880 BEAT S 06 L 25 S B8 7 4R PR A% bR 450N

725 ) B oR ROAS 3 19 43 JOKG BEAH 22 AN A 1% WA Sl AR

] 3% R EAE S SVM J03k (W 4% R 41 ; [ # , RandomForest 57
A E Ry 10, KNN Bk b i n B2 H o 5, R JUBJL B A5
G 1 hy B B e T

1 ARSI RHAE BB T 1 2 (12) B R [ SF- 4 K]
T o M I EHATH LT . HF B F o€ (0,1, K
SCLL 0.1 2 I G X R I A AT AR o {H o A9 PR IRIH
158, B @={0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9}, %
35 M 4 e A O B TEOR [F) T R F o TEM}*FW‘*
B, SRR A — o HUE R AR SCRFAE 3 35 07 15 4T FRAIE 2
T I J5 B oK AR o 2 T 4 B AL A7 40 2, BT 2 2
4 T E SR A B - A DR 00 78 A A5 30 0 43 2R B2 10
LA, ARSI TR R SRR L B L 20 AMARAESE R Ol B AR,



57

# 3 AKREPFER T o R4 KU 4 LS 20 2ER5 2
Table 3 Classification accuracy of experiments on different datasets

with different balance factors

CHL %)
. TR TFHET
B E
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
GSE9476  92.3 93.5 95.2 95.6 96.3 98.0 100.0 97.6 97.8
GSE10797  96.7 95.9 90.9 91.4 95.6 96.1 98.5 97.2 97.0
GSE25070  98.6 97.8 96.5 98.6 97.2 98.2 99.0 99.2 99.0
GSE19804  82.3 83.5 84.7 85.9 86.6 86.2 87.5 86.7 88.0
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Fig. 2 Curve of classification and prediction precision of different

equilibrium factors in different data sets
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LB 2 A X AN R RRAE S RBCE HEAT RS L 4 0 5
S [ HRAF 25 R B (BE RS0 5,10,20,50 A1 1000 #1752 50,
e 4 45 R TR A A 35 R AN B80T 4% 000 4R 1 S0 50 19 43 0K B2 it
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Table 4 Classification accuracy of experiments with different number

of genes on each dataset

(AL )

I TS

5 10 20 50 100
GSE9476 99. 100. 0 100.0 99.5 99.
GSE10797 96. 97.8 98.8 97.3 99.
GSE25070 98. 100. 0 99.0 98.6 99.
GSE19804 87. 86.5 87.4 85.3 86.
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Fig.3 Curve diagram of classification and prediction accuracy

of different characteristic genes in each data set
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Fig. 4 Gene expression heat map of GSE25070 dataset
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Table 5 Classification accuracy of experiments on different datasets
by differentfeature selection methods
CHLAL %)
A% RBMAE®KE ERER AKX F *%
GSE9476 90. 5 95.2 100. 0
GSE10797 88.3 93.4 98.8
GSE25070 90. 6 95.1 100. 0

GSE19804 70.8 80. 2 87.4
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Fig.5 Curve diagram of classification and prediction accuracy

of different feature selection methods on different data sets

5 (WA ST 45 SR 3R WYL o AT AR AIE B B A B ARG B
378 S8 LK T A SO 36 2 BT FRE BB 43 BT 45 A 1) R E % R 1k
B FA RS B2 S R G AR S 56 T 43 BT AR 30 AR B T
FEHA SO A MR 5% A . B 5 BoR, E&BEE -,
BT EIRE R R IR M b B, X — LA IR R
B, R BT 40 1T X T AR AIE 8 4 A AR R B D XA 4
R T S A 5 2% SR BE

R4 A STE X SVM, KNN, £ 2 50w 2 W 2
MLP £ %% 3] B 1 AdaBoost L B % 3C 43 24 70 I 42 i At 5
HEATAFSE . 2% 6 B H T R[] 43 A AU BT 1 78 45 B 4R L 5e i
B KGR RE O . 1B 6 2R IR 4y A RIS I A S B 4 Y
O3 RRG I LR A

6 ANIE] 4> FEME T B AE A R A Y S OR B
Table 6 Classification accuracy of experiments on different

datasets by different classification model algorithms

CHLAL: 20)
B E SVM KNN MLP AdaBoost A XA A
GSE9476 98.0 96.5 97.6 97.8 100. 0
GSE10797 96. 8 94.1 94.4 95.2 98. 8
GSE25070 98.2 95.8 94.7 97.2 100. 0
GSE19804 83.6 80.5 82.9 82.6 87.4
100 R
L
. /
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S —+— GSE10797
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*
X g
80
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Fig. 6 Curve diagram of classification prediction accuracy of

different classification model algorithms in different data sets
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Table 7 Classification accuracy of different research methods

on each data set

CRLA s 200
HAEE HMMs 1G/SGA PSOC4. 5 Proposed
GSE9476 95.7 97.1 94. 8 100. 0
GSE10797 93.5 94.1 93.0 98. 8
GSE25070 100. 0 96. 8 97.1 100. 0
GSE19804 80. 3 78.2 79.9 87.4
100{ = a
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Fig. 7 Curve diagram of classification accuracy of different research

methods on different data sets
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