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Research on an early diagnosis and prediction model of gastric
cancer based on bioinformatics

ZHAO Boxuan, LIU Ming, LI Jianwei "
(School of Artificial Intelligence , Hebei University of Technology , Tianjin 300401, China)

Abstract ; Gastric cancer (GC) gene expression data were retrieved from the Cancer Genome Atlas and Genotype-
Tissue Expression public databases. Genes closely related to early gastric cancer were screened and utilized to
construct an early diagnosis and prediction model for gastric cancer. The differential genes of early gastric cancer
were screened with Deseq2 software package, and GO and KEGG enrichment analyses were performed on the
differential genes. The protein-protein interaction network of the differential genes was established with STRING
database. The key subnetworks were extracted from the network to obtain candidate key genes by Cytoscape, and
ten key genes were identified by MedCale software. According to the ten key genes, six early diagnosis and
prediction models of gastric cancer were constructed based on the algorithms of Support Vector Machine, Random
Forest, Naive Bayes, K-nearest neighbor, XGBoost, and Adaptive Boosting. Each model was evaluated by ROC
curve, accuracy rate, and other indicators. The diagnosis and prediction model based on XGBoost was verified as
the optimal model by independent test set validation. The results of this study provide new ideas and methods for
researchers to improve the efficiency of early diagnosis and prediction for gastric cancer.
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AT RS T R R BIL, B LA ORI
PR BT B R R W AR AR R, AT Sl A=)
BT B N A B A TR AL B R
Bl > S g B S W SRR Ay B 6
W2 Sttt 1R R B A v

B ve i et 2E ) R RN AR A 2 R R
Ji&  ANWTAT "7 ARl N 2B DR 3R Gk 1 0 al ) ' e T
JEASRNZ ST . JIANG K 5558 1% GEO (Gene
Expression Omnibus, https ://www. ncbi. nlm. nih. gov/
geo) B4 FE Y GSE29272 Bdfa SE kAT B 9% , K HH
15 Al REAR SR H R 0 B B TS AE W bR S W
(ASPN .COL1A1 FN1 VCAN #l MUC5AC)'*, Chen
J %5 AHRYE TCGA ( The Cancer Genome Atlas, TCGA ,
https : //portal.gdc. cancer. gov ) FH5 i Hh 1 J68 LA 10
IBAZ AN A | 38 2 F AR PR A 3R 3k I 45 53
Br 4320 7 A5 0 B g B E LA L) (PDGFRB |
COL8A1, EFEMP2, FBN1., EMILIN1, FSTL1 Hi
KIRREL) '™, 36k AK B A1 50 0 72 T 5
AT Ry A2 W AR A R B, AR RY
TARGARE EE AR B a5 A3 B R 2 W
SRR PR 14 G 126 112 W P00 A B (g A At 3 R4
v SC R D] A 7 18 18 4o 22 S ik X 73 A PP R 4%
SIRT RS IALRE S BT 55 3 AN 2B R SE I, FF % 22 5 3k
1T GO Rl KEGG & 54T,

1 Hs S5 A

1.1 HiEMR 5T

TCGA BV ik 2 PN 4 1135 K00 1, B Al
S EGR T 30 Z RSB AE Ak D 4“7 5080 | A7 filk
THEE W GRAEA A& RME B, TCGA Bt PE
Hh R g A DR 2 R A i AU R HOR (RNA —seq)
g, HPFHE T T H gde—client, 1] 2% %
2 IA F A read count {HHE 3 A JELAG F b 4 dE
FR] [ I 345 A0 OC Y i R B4 . GTEx ( Genotype-
Tissue Expression, GTEx, https://gtexportal. org/
home ) % h HE A AU~ ZURGA B 2 . U 2015 4F
IS, B E AL R L 900 44 7R $E I # 1 R A A
AKE 5 50 AR

FEAMFFE T, N TCCA $di 22 v i 2645 3 201
ASBRREA P IR 2 32 A R B R 2R
A 169 A (56 Bl AE T 1], 113 G AE 11 1]) .
TCGA B4 PEIC SR 1Y IE H H 2L P 45 R b K
T AR TE B AL P B DR R B S A, R AE
WHLWEA R SRAL IR R ZZIE 5 15, N
REIE R AR A G, ABFS0E o GTEx Bl H

DT 288 i s TR P S R AR AR B S, AR A A
A BN IR AR R PR EU 174 S IEH B 34810
SRR IR B
1.2 HiETALE

XFARALE) TCGA F GTEx FY 5 98 I B 26 ik B0dis
SEVEATFAL B, 3 2 7 1 ) s A7 7 - A 5000 22 1
BRI 25 3 T RGBS . 2R AR A
T 375 ANFEAR IEH 414U B i R0 4L SUREAS 4y 1)
K206 PDHT169 S (WFE 1),

®1 ERRAMEEHRBER

Table 1 Description of gene expression

dataset (™)
R EWASREARS RIEAZEEARL FEARLE
TCGA 32 169 201
GTEx 174 0 174
FEA BB 206 169 375

2 B

2.1 ERRESH

TCGA Hl GTEx AN A £ 1 I P e, HL A
PRUAR I 7 XA [R] T A TR R 22 5 TR AT 22 5740
BTATSEHEA T HE Y S R Ab B AR ST R S &5
(R 4.0.3, https://www.r—project.org) " B 7 LK
a5 PRI Deseq2 SXFALXT TCGA A GTEx BEA 4K
P 5 o A7 O RL A & B R 22 S R Gk B A
( Differentially expressed genes, DEGs) i, Deseq2
AR AR AR UEAL B read count T A £ s
KA B 1 log, FC |1 >2, Benjamini Hochberg #% 1E
J5 i 22 57 B E B {ELP . adj<0.05
22 BESW

FEAAKIE (Gene Oncology, GO) AT #%) 12
I FH T BRI 2k i 4 i TR 4 ) A T, LA 4
4y F 31 B ( Molecular Function, MF ) | 40 4 41 43
(Cellular Component, CC) Fl14:= %) i 2 ( Biological
process, BP)3 4. KEGG i [ & 5 70 M1 >k H /Y
JE o HB R R 5 R R R A B BHE E ((Kyoto
Encyclopedia of Genes and Genomes, KEGG) , & J&—
ANIERINRER G0 T I A G AL R AH A= R S22
B ER ., AU AIA R 1BEF M clusterProfiler 40/4
AL S IEF Y GO R KEGG 7 424007, 3 4 0 ik
R{E 1% 2 A2 Benjamini Hochberg #21EJ5 1 P<0.05,
2.3 PPI M5 HT

STRING %4 J% ( https ://string—db.org) #4571
5 [B) T R0 S IR AR T SC Bk, 45 ) A B
YERIFNIIRERI , 2B PRI DY o kA, Wi sk
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T T U7 AR B A AR T, il i STRING
B B ) 2 8 1 5T 1) ) A B /R B ( Protein-protein
interaction, PP1) P 4% | 1] 15 31| 5¢ 2 %5 VI 19 £ 1 &
.0 B T o ik OC 8 3 K, Ml A Cytoscape
( Cytoscape 3.7.0, https://cytoscape. org ) ¥ {4 7 #Y
MCODE i {8 22 42 5L PPT ¥ 45 Hh (1 & 5 7 ), 5%
BE - R v Y S DR BRI e DA A R e R O BB A
2.4 GETRIEES T
il 1 MedCale ( MedCale 19. 1, https://www.

medcale. org ) B4 X4 15 5C B 3L IR A 12 W fig 0 a#E AT
PEM AT, BT 2R T AE 1 il 28 ( Receiver
Operating Characteristic, ROC )" i & F i
(AUC) gt Ve S P S5 48 B vl AT A 5C Bk A
IRGIRE ST . BEE ROC M2k T AR B3GR, S pl AL
PR B e R SRR BE 0 22 T O, A ST B AUC
{ERT 0.9 [P AT Ny SIS K OGS BE A
2.5 ST R

{#i i Python ( Python 3.7.4, https://www. python.
org) HLARFTY AL scikit-learn FFR S HIIET
FEA AL Support Vector Machines,SVM) 2 BlHLARAK
(Random Forest, RF)'™ #h % U1 -3 ( Naive Bayes
Model, NBM )™ K i 4 ( K-Nearest Neighbor,
KNN) ™0 b B i $2 1 (eXtreme Gradient Boosting ,
XGBoost )" FI [ 1& J¥ #2 F} ( Adaptive Boosting,
AdaBoost ) ' At B e LIRS RIS
2.6 REUGIE ST

ARRE NGB o3 A B TE I 258 A
AR R B, Tz 0 B PE A R bR A R R
( Accuracy ). f& #f 2 ( Precision ), A [l %
(Recall) '™ [ F1_score ™ [ROC £ H1 AUC {8 %5,
AUC 5 3Ch ROC #TZE T T AUE, AUC 1E— 4%
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Fig.1 Volcano map of DEGs between gastric

cancer tissue and normal tissue
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Fig.2 Significantly enriched GO terms
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KEGG J# i w5 g b 40 5 32 R H
25 5P BE IR 32 R AR AE B 8 T MR AR - A2 IR AH BAE
AR R T - A PR 1 32 AR A B FH AL cAMP AR
A, K4 Benjamini Hochberg £ 1E J5 1Y) P {H

I RS, B EEAT 10 & H AT K 2
il (WLIET 3) 3% 3 AT b e 7 1 H 1 frf 75 B D 8K
i IR HES AT 10 4% H 45
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Table 2 Partial results of GO function enrichment analysis

iibS #H i PAH KIE P8 Bt/ 4
BP G0 :0008544 epidermis development 1.32x10716 1.14x10712 86
BP G0:0043588 skin development 3.23x10718 4.19x1071% 83
BP G0:0003012 muscle system process 3.75x107! 1.95x107% 73
BP G0:0009913 epidermal cell differentiation 1.16x107 8.62x1071 71
CcC G0:0062023 collagen—containing extracellular matrix 1.30x107! 3.41x107% 71
cc G0:0045177 apical part of cell 4.53x107% 1.49x10™* 57
cC GO 1902495 transmembrane transporter complex 7.46x107% 1.30x107% 53
CcC G0:1990351 transporter complex 1.76x107% 1.85%107% 53
MF G0:0048018 receptor ligand activity 6.58x10712 4.99x107% 79
MF G0.:0030546 signaling receptor activator activity 1.11x107" 4.99x107% 79
MF G0:0004175 endopeptidase activity 2.28x107% 2.56x107% 65
MF G0:0015267 channel activity 9.65x107% 3.39x10™% 61
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Fig.3 Bubble chart of KEGG pathway enrichment analysis
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Table 3 Partial results of KEGG pathway enrichment analysis

%H s P KIE PAH Bk A
hsa04080 Neuroactive ligand-receptor interaction 8.26x107!"! 2.45x107% 60
hsa04060 Cytokine-cytokine receptor interaction 1.77x10™* 2.86x107% 39
hsa04024 cAMP signaling pathway 4.45x10™% 9.40x 10 33
hsa04020 Calcium signaling pathway 2.37x107% 2.60x107°2 30
hsa05207 Chemical carcinogenesis- receptor activation 2.94x107% 3.11x107°2 27
hsa04974 Protein digestion and absorption 1.21x107% 1.19x10-% 26
hsa04976 Bile secretion 2.12x107% 3.14x107" 25
hsa00980 Metabolism of xenobiotics by cytochrome P450 9.36x107% 5.54x107% 21
hsa04657 IL—17 signaling pathway 2.69x107% 7.98x107% 21
hsa04972 Pancreatic secretion 3.62x107% 8.24x107™ 20
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Fig.4 PPI network of key subnetworks
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Table 4 Classification effect of early gastric cancer based on key genes

HEH RTEES N % PS5t/ % Pia
CXCL11 0.967 95.86 88.35 <0.001
CCRS8 0.964 91.72 95.15 <0.001
CXCLY 0.962 92.9 86.41 <0.001
CXCL10 0.958 94.67 84.47 <0.001
CXCLI1 0.953 91.12 84.47 <0.001
CCL20 0.943 93.49 82.52 <0.001
CXCLS8 0.931 84.02 84.95 <0.001
CXCL6 0.923 97.57 84.47 <0.001
APLN 0.919 79.29 91.26 <0.001

HTR1E 0.901 88.76 71.84 <0.001
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Fig.5 ROC curve of candidate key genes
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Fig.6 Flow chart of early diagnosis and prediction model of gastric cancer
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TESA 342 MREAR A VIZREE R A3 e TEEA 33 MEEAI RS MR X 6 BRI
UE 3% #4) # 3 T SVM ., RF, NBM, KNN, XGBoost,  FPERESE THRAIE, P63 6 nIHIE AR AME e A —
AdaBoost 6 LR IZ W UMY, FEIghEErh,  ERERTIE, B8 1Y ROC iiZe WAE 37 i 4
SVM RF NBM , XGBoost , AdaBoost 5 BRI HA  E&AMERUGR AR AUC 1A, 256 6 PMEiAl
T IR, A TEPRAF 5 T 0.9, KNN £ ZEVIZREER S aAEE TR0, FEARIESE v ik
RIS i o (W36 5) . MRUEIE 7 19 ROC th4k  Beish o Skt i m Az AL AR ) Sl i AR 1
BRI & MR B R ) AUC AL, WO B ST A A Y B a2 W s AR

x5 6 MEREIEERHIFENIEIR

Table 5 Evaluation indicators of six models on training set

Ay HIZTIES K% FEJCES T F oA
SVM 0.935 6 0.944 1 0.915 8 0.927 5
RF 0.956 1 0.946 5 0.960 8 0.951 5
NBM 0.961 9 0.938 9 0.980 4 0.958 6
KNN 0.894 6 0.965 9 0.797 1 0.865 3
XGBoost 0.967 8 0.969 5 0.960 8 0.963 7
AdaBoost 0.953 2 0.946 5 0.954 2 0.948 1

&6 6 MEBFEIM AN & BTN IEIR

Table 6 Evaluation indicators of six models on independent test set

i TR LIRS AR T F A
SVM 0.939 4 0.882 4 1.000 O 0.937 5
RF 0.939 4 0.882 4 1.000 0 0.937 5
NBM 0.909 1 0.833 3 1.000 0 0.909 1
KNN 0.909 1 0.8750 0.933 3 0.933 2
XGBoost 0.939 4 0.933 3 0.933 3 0.933 3
Adaboost 0.939 4 0.882 4 1.000 0 0.937 5
ROC ROC
L0 [—,_’7 — 107 f =
0.8 / /,'/ 0.8 ///
Q o7 h
= N g 2 7
E 0.6 ,’/ £ 061 ,’/
B P 2 24t
g /,, ‘a },/’
0.4 // 2 0.4 55
g o SVM(area=0.979) g ot SVM(area=0.993)
3 ol Random forest(area=0.990) = ,,/ Random forest(mfa:0,974)
0.2 52 —— Naive bayes(area=0.981) 0.2y o ~— Naive bayes(area=0.961)
< KNN(area=0.982) it KNN(area=0.993)
Wi —— XGBoost(area=0.993) Frd —— XGBoost(area=0.985)
0 - —— Adaboost(area=0.989) OIF % ) ) —_ Aldaboost(arealzo_978) )
T o T o T - 0 0.2 04 06 0.8 1.0
False positive rate False positive rate
7 illZ%& ROC HiZk B 8 k& ROC %k
Fig.7 ROC curve of training set Fig. 8 ROC curve of independent test set
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