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Abstract

Lung cancer is the malignant tumor with the highest incidence and the highest mortality rate in
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my country. At present, the five-year average survival rate of lung cancer patients in my country is
still less than 20%, and the diagnosis and treatment of lung cancer patients still need to be im-
proved. Therefore, it is necessary to further study the prognostic factors of lung cancer patients,
and establish a prognostic prediction model to predict the prognostic risk and survival of patients,
which can help clinicians better judge the prognosis of patients and discover new disease-related
factors. Based on the machine learning algorithm and the multi-omics data of lung cancer patients
in the TCGA database, this paper aims to explore whether the survival time of lung cancer patients
exceeds five years, and uses the weighted co-expression network algorithm to find the key feature
genes that affect the prognosis and survival of lung cancer patients. By combining the classifica-
tion algorithm and the weighted co-expression network algorithm, the prognosis prediction mod-
el is constructed, and the AUC value is used to evaluate the classification effect of the model. Final-
ly, the prognostic model constructed based on KNN regression has the best effect and can more
accurately judge the survival of lung cancer patients whether the time is more than 5 years.
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— R, AN RIS AL (R RE AT A R B AN R B R AR SRR Y, AH RIS 2 R A AE [R]— A SR A 1)
FEdE, BIRREE ) R A AT LR A I Bk, B TAESR MG IR AT WAFED TNM 40 1], 4Rl
FNG A, QA8 2H A R e AR ) TS R kAT TN A T RRE TS 43 BT R AR SR AR [2] [3]
BEE LRI o A BRI A R, AR TR 2 (R BE R 22 8t . 1 TCGAL ICGC S5 KA
YRR I, BRAL T DT TEC 1F 3 40 35 DR 2 %) T e 1 2k DR 2 R AR 40 PR AR L R4t a4 DU 5 . DNA
AL . mRNA ik S 825 (11 R 5k 5 25000

TR IR 3 3 12k /0 48 23 BT (WGCNA, Weighted Correlation Network Analysis) e FH K i id A [ B 5 2 [7]
BRI RGN F T8, T DL RS 5E & FE P [ ARG I B R4, I A4t I DR B 1 P 2 1 N e [R]
£R 53R A 2 [A) 1) DRI 5 5 A5 AN AR P 1 ik R Bl T 7 A

AT DRAS L 2 35 I 24 5 fiti g v A 2 22 S AR R DR R L ik i e, 73 T R SRR AR N 22 R R TE 5 I
IRAFAERIAH G, IRAIMX ALK (hub gene). FE MM P BREHE LA VU7 1. 8 S B PRIIASURH 9% I 245
HE R IR BT B I PRAFAE AR SV 2047 P BB it SR B [A]

WA WRE TR 2 B B — R AT o0 b, A SO R R SR B T 2 A SRR, A B
THZI S S BRI REE B, SR —H 28 P E Bk, SR8 00 B A e b 5 s X1
Z IR AR, [FNTE WGCNA L5 12 F lasso-logistic ZEMLas = 3 71k, KKIRE T I%iE B SRk EAH
RELRIIRE HESR

2. xmRER
BRI 5 5 AR 22230 T IR RS 2T 4] [5] [6]0 BRI % DL o F AR 22 A E BN AS HEAR M
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AR FARR S I R AR A i s i B0 P B o 5 DR 225 4l B F 9 il A R R I o LA . R B
FoE BE R A A SRR . o FhRicd), (R AR R R R, BRI TARIC YT R RE AT
BRI AN T S ANE, ABHLUR AR, Iz bR 2Rt gz
5 FE iR 2= S Ve AN SR R PR A B[ 7], AU 3 DR 2 2 o D4 T 3R e 2L 4 IR I 25 SR R o AR A 2 )
AL PR BT ERFE, F TR i 1S W 2 BRI TS TN S (8] [9] [10]. B3 AE YT i FE R
W BT SRR R () R RRIR L, RURE SR A 22, R BE AR BT, A FALHI R A 2 o il
Je VR SR PR INRE A ), T SR SR UK B 2 R AE AT IR 2 28 A, TR (RS, 43 2R
FEWAR. 54h, IR ESRATRIUGRHE 2 F0E . iTEEN, HARKRER S, SHRE L
MEE RT3 2 A TR I SR R IEAFAE 2 5, R T KRR ERHE SR AR AR ic ), 75 ve I G R
EEMVRHAE T SRR AE AL IR 1) R

B g AME S AE TS U A A DT AR, MIRSE(11 K4 128 B IR e B IR R Bk, A
Logistic [H1 54347 07 2 7 5 fes 6 DM 28 DU T30 £ 38 AR S5 S R AR, Zhu 5[ 121800 7 B 32 ey [l 5
%, R AR R R S AR AT RS, T 00 A A T . X PR I RS — e AR AR T T
AELFTRIVERE, (B EE T SRR 0 FUARRIE, A5 KEME S A TUA (S 2 . Mobadersany 25[ 131454
FEH A5 BAREL R E S, W T AR A R TR T AR G R I 25 (SCNN)E, FI T 2T
Jo A PR AR AT AT o Lai B[ 141K T —Fhih & 55 R 200 5 o M 5000 R0 PR 50003 P LU R B2 4o 2 D) 4%
To s AR () S A RMEAAEAFIRAS (AUC = 0.816).

B &P E A F BRI R, B2 R TGRSR SRS 2AESIMERK, Ma2H%
HE PR B, b e AR AE AT . Zhang Z5E[15)13RE T — MR T 2 IER K LS
PR AL A A, RRIIA AR RIA . HUECE R IR R B, AT T R TS 1 T .
Z A G A A B BRI AR T B M B G BE,  DR R SR T 2 B B A AR Y TR g
SiE AR A S TR0 P 3 S T ARSI ROR

3. BT MBLREME R ETRRREE
3.1. FiETREES A

AT 2 S UG B T AR 70 =B, BB RpAIE 3 DR e AR BT T30 R e v AR
B MBS EE R R, T2 S BB RIS T BE R T RE o B8 T AMBEHON RIS PRI R, R 1%
Berp, PATEAE Ak DAL A B DR 53 B3k 55 e R TOUIS AR SR AN KRR EARL, i Y -5 e A6 2 5
YR DHEER . 58 = MEHON TR BRI, iz, AT B 55 2 I DU A LA
> BLIFRAD S T et £ A 2B A I (R 75 5 A I TR AR, S Xt DURMRE R K70 2810 AUC {ELREAT T
SORIEERT, PRk R B IF TG 1 R T A i 454 2 IR A

BRI | S P EE—
o BUEFREL S BuRT A2 o WGCNARE R 535 SRR S
SCSHERRE HALERIPE

Figure 1. Model hierarchy diagram
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3.2. SKEWHIRERMS FLLE

TCGA (The Cancer Genome Atlas, J%iF K B 1) 2 th 58 [ (B 50 i o1 i A 5 (] [ KN R 5L DR 2 A
FIT 2006 FRAEFEIHE o ZIH R T NSSRAER S P, i REHE . miRNA FAE0E |
A S5 20

AR H B R BT TCGA #¥s e, 2T it B (AL A & # IR =, ST 2
RFEEMIGRESE, HPilEREE FEFHAFREE. N UCSC B M (https://xenabrowser.net/heatmap/)
FRE TCGA iR KA R, # IR s, 4ME 7R R A A IREE . 72X Bda 347 700 2 6/
PATE BRI SRS BFEA, I B FCR A R &8 = AN 55 B iE B A, mA&193) 995
AFEA IR R, I Be R DUE X B8 2T bR A AL 38, [ ISP AR 1 R 5 o 1 5 A= A7 B [H] (OS time)
W SR AE YL AP R S S 4250 OSfive = 1 Al OSfive = 0 %, L OSfive Fom il HAEA A,
OSfive = 1 By S E A A7 I )L 5 4

3.3. IILRIEWE DT

3.3.1. I RIEM A

IIALFE R ik /9 4% (Weighted Gene Correlation Network Analysis, WGCNA)R] DL 35 [R] X 28 AR 45 22 35 AH
MER 7> A R R, IR BB S e R A AR R &R . /£ WGCNA Sk[16]H, JRATHITS A
REEER, AT A5 R B L AR I R AR AR G, AR R R U AR R RS, 2%
IR T B TR 1) A4 B W] AT Jl— AN AB3EAERE . AE R REEM 2, HAWRDEY SR 2 ALK,
I, —AMEEHr AV 2 BERME SR R A LA, FRATTIE 6 f A S B ful 5 DX I TG JRUBE X 28 73 A

3.3.2. MAVHRIEMEHE

A 538 73 T AR PR A DR TR] PR QTR AR B2 — e i 7€ — AN BRME,  (HX M7 v 5 O R R ) A4
RGN T RRRIX G ) T, RS 2R [ 8% 0 5 R 3R A 2 ) A D% R B B kR, TR R G A
HRREN r, BB UHEIEFE a,, WM a; =r , HAWIED R SCHE M SR 55 10 22 A ROK, IXREY
U b A 5 55 5K 8 BE 43 WA R T Ja 2 3R SRl

TR R IE W 25 [ #9236 T RStudio H M1 “WGCNA” R 172K S28L, n#k “WGCNA” 41,
] “goodSamplesGenes()” BREUR B £ d 2 15 A 7 B, A “helust()” ezl R 2L, HNH
“cutree()” RREAN R EHEFEAR, RBBON— BN RN R IAHHE . SREH “pickSoftThreshold()” bR &
1T EBM LN AT, A Jo RUEE I 2 S5 U s KRB 2 80(B),  ARFE 1] 2 150 1) B RIEL & DL BELE
0.9 BLE, K AHRVERE R A N AR B I, A — i () T RUBE X 2 1) AR L 358 X %

3.3.3. FETEERAERE

LR B AN “blockwiseModules()” BR%L, B/ MEHIER A, BHEIFBRIESE S, ¥
BEH I A IR . ARG T SRR ) BRI PR VIR 2 1R) R 5C R R, FF X AR SC REGHIT R
3 WA O R B B HEAT # EIRTRRAL, 7E 15 4 hBkaE p B/ T 0.05 HAH PR & I LHAE Ay 2 e e

3.3.4. FHRETRIFFEE ERERF

R I & 4y (Module Membership, MM)FH -4 3 [KI7E Jir A7 6 4 o (1) 3208 1 15 AN R AIE 7] B 3
[RIRIE G A OE 1, BIXS module eigengene 47 FH M /0 A i vT AAS 2] MM B, T A MM B AR b2 —
AMFHRREL, W REEFIAIHEAS module ) MM {H5 0, BEH ZFMRAAAARK, ZHEFAE T X4 module,
R MM B ZE0HERET 1, BRI 5 1% module AHRMEIR &
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Figure 2. Determining soft threshold parameters based on scale-free
network principle
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Figure 3. Module division and module merging diagram
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Figure 4. Module correlation coefficient matrix heatmap
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FE K 2% P (Gene Significance, GS)H T-HilA Bk W ZE K 5 OSfive KRIRFEE, W EEF R RIE & 5 XM
()R BB AT AV 20T, B G R BB 2 GS. GS Sk H B PR 3k & 5 AR A4 () AH DG 12k
GS 78 ey 1t W 35 DR E /s 7 T 7= S

MR 5 Z2R, BATHEE F R GS HE KT 0.1 H MM ZEXHE KT 0.8 (2L, HUarifsibh
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Figure 5. Module and gene expression correlation plot
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3.4. 58

S ik Ja FATF RN S1AFAERE R, 2% BB Pl 5L R 2 18] ] R A7 1L 22 L2k Ve IR R, FRATTH 5 220
J K F-(Variance Inflation Factor, VIF)J7VEACBRAALE ™ B ILAL MM RFIERE R, S R BAF ) car f1, ff
R “vif()” BECK VIF BB KT 100 FRFEEER I FR, 23R15 39 MRHIEZER . X —H e 1
WGCNA 5% 58 B 1 RHIE S R £
3.5. FRMERME
3.5.1. iBIBEFER

AR [A|H(Logistic Regression, LR)FVEZEL M (Al ALY L0l 1, W8N sigmoid R CK 56 RGBS,
WHESAE A0, DI B — MEZAE, 8 X AR FAT T AT AR R 23 2 i) L A ST P fife 1 1) i 43
KRy I oy R e A, DR B T T AR (R AR AR R A AR A, IR e n] AR 1) SR A A A

RN PR
ewx+b
P(Y=1 = 1
( |x) 1+ewx+b ( )
P(Y=0]x)=—" @
1+ewx+b

Ht, xeR'ZEMANEE, Ye{0,1} ZfMthAE, wilfhE, bHmEE.

3.5.2. XREEVEE
S EF I EHL(Support Vector Machines, SVM)& — Fiai K 1 4 SR M 8 5125, B 15 S SRR IRl Re ok
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KHHIR
wix+b=0 3)

Seof w IR R, PR TRCEETTR b VRO, e TR 5 A2 B XA
VIZRKCHE , w A0 b LA DL T AR

wx, +b>+1, y, =+1 (4)
wx +b<—1, y, =-1 (5)

XL y, (w'x, +b) = VA x, BRI SCREFL R, BT LA SRS F B LA FR AR — SRR kM it
A, R PR

mmgwr ©6)
sty (w'x +b)21 (7)

3.5.3. K iE4p

K 4B (K-Nearest Neighbor, KNN)J&—Ffi i ] T2 A 5% K AT AR AT BR 2R IX 73 AL ) S B 2 -
M B R R kA B R SRR PE M 2R, o kR NN BUE IBUE, & BOHUE X R
Il A AR B .

FENREE T, BT B AN B Frox B2 f0 73 AR 28 L B2 — B B0 4 AR, KINN B
T HNAEE 55— DN INGER 2 MR B, TR B AT HER . 28)5 KNN SRS AT £ 50T
Kot S BT YRR RO E AT RIIRRAE et B SR s A2 X & Al b B R 2
7K.

KNN 52— Rl i 2 S 500, IISREE AN/ EPUT Mz AL, [, P9 Eis e BT S A 00
B, AR R TR A O KNN R 7 SRR 2 RS o 78 SE PR b PR i B R R B T S A 22
RRCER AN S 8, TR AT

ENIEE d(x,y)=v22:1(xk—yk)2 ®)
SITHEES: d(xp) =y |x — v ©)

3.5.4. BELARK

FEALAR M (Random Forest) & — i LLEEHT HFIML 2% 27 IR R 124 S vk, BEM AR 2 e e e AN
T, G5 SRR A E R AP AT RO LR A . BEALARARZ FHBEALI 7 NS — MR, RARERIR 2 1k
HWLERL, I B — PR IR A KU, 1SRRI JS, 2O PEAS NI, BEALAR AR
B BRI SE 22 20  HEAT P, 0T 20 2 0] RE AT #5019 3R 2 BECR IR A i .

FWNERERNN N, X TRENUARAR R BRI 5, BEAL B A TRl AT ZREE B N I GRFEAAE
NZ BN GREE . BEALAR AR B0 I FEAL A O ZRbE AAE B BRI BN 28, AT DALATAS A4 AR AR () B PR
BRI ZREEERA —FF, BRI AN RIRE 2 (B AH G, (870 RASUR B 47

IS BT 2 AN RS IR AT T 45 R AR S5 Sk, BEHLARAR R R PR 1k #0 & i XUz, I HAS
g BN LAR AR B A IR B (e e
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WU 39 MFIERER . K 6 Mgt R Ia H o> 70 Br(PCA) L 1 e e A 18], S IR oy Bin
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Figure 6. Scree plot
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Figure 8. ROC curves of four prognostic models
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Table 1. Classification results of prognostic model based on characteristic gene construction
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