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Abstract

Cancer is a malignant disease driven by genetic alterations, characterized by high incidence and mor-
tality rates, posing a severe threat to human health. Precise regulation of gene expression is essential
for normal organismal development; in tumorigenesis and progression, it is frequently disrupted
through aberrant activation of normally silenced genes or suppression of constitutively active genes—
a mechanism widely regarded as pivotal in cancer development. Moreover, the human microbiota
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modulates a wide array of physiological processes, and dysbiosis—either structural or functional—
has been associated with an elevated risk of carcinogenesis. This study focuses on lung cancer and
integrates gene expression and microbiome data to develop a computational model for tumor stage
prediction. The workflow is as follows: To identify significantly dysregulated genes and microbial
taxa, differential analyses were conducted on both gene expression profiles and microbiome compo-
sitions. Subsequently, a deep neural network incorporating an attention mechanism is constructed;
third, key features selected by an elastic net model are used to train the network for lung cancer
staging; Finally, model performance is evaluated via five-fold cross-validation. Experimental results
demonstrate that the proposed model achieves superior predictive performance, with an accuracy
exceeding 80%.
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1. 518

FEREJR T AR RABVERGTE, R A RREUER RS IR —([1]. FEFRIE, v 1 AOm R AAE T %3
JESFEEEME E AL, BE ST R s, B AL S AR W A MR — s B S T MR
JE RN R, i ) R AR R R I AR e 2 SR AE Sl R I E R R, A R AR AR A Ak B
Felae

I R S Hr, s AR 7 B R S 0 5 AR L R RN L kB Ry BB AT “a 7 . BT
2 R FHE TNM 23 R 48 i =AM O FR M B T (Tumor) S e J5 2 T8 A4 AR 5 =5 35 JE A2, N (Node)
FoR XIS 52 RAEDL, M (Metastasis) W87~ e AL . 256 T No M =25, iRl 5>
HE IV BB SRR, i LR ET, ~IV BE e . 69T SR AR - AT . LR
ZHEZF ARG P N BT . AR YT RO S 2T 2). MR, i i e
IR CT (THE LT Z 3 46) 0 MRI (REIEIR SR ) 55518 5 TF- B o R X R A T8 1t A8 HA 5 B
PR3] [4], (I HARER P FR[S], M CAA TR S R A 22 AT N, TR S EUARYT IR ST A R
[6].

T i AT — i 5 3 (R 3R TA S S VAR S B R [ 7] - SR RIE W Ko DNA 15 B3 RNA FHRIF
R R, SRR E R REE . MR AE EEZ PRI — e AR e, 0 e R B ik
DRI (R RAR T e AR S5 W) S W [ 7] [8]: 2 R MLIBAE 4%, R a2 A M 8 45 22 DRI M 1T AS 2% DNA 7
F[9] W FLR B, Joie (1 R AR KR b b 25k DR SR IA (R B 28 M 3K B0« 48 4, 72 57 J Ak /N2 s (NSCLLC)
H, Bmi-1 BRI AT ERBE S T IR AR 0[10]; BRCA2 B[R 5840 i 25 18 in s U, e
TER IO 2 Hpoa] 8 AR5 [11]; EGFR S8 b4 i S i 3658, - R e JC R L[12]

NAAR BRI T e, Ja3 v 5 RS M SO IR S RS S AR = 5 7 Wz 5 b
R E[13]e NERAEMA R — M E A HABESUA R N E R ES RS FEEWT, EATHFER
A 28 A AR ] e AR R TR F [13]-[15]. it Ml e 26 B B ml 0ok 98 RE I 4 5 S s it 22, (HH R
0] B S B e AL, T R [13] o B R R, AR A R AR N R B A AR [16]
XK IR R T AR e e R R OGRS RA T SR AL T R A
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e B P B ) DO R HE RN T IR 22 2 A e (B S R AL s R LA AL O DU AR
o ARG X R BT 5T WA HER VR, TR HE 2> XA YT R3S R VAL o B [17]
[18], RSEBUAMEIIGTT . Bk A4 RN SRR [19]. Bk, RERKNAY SHEMARELREL
AR A e A T 23 ST ) B 27 [

N ZRGER TR R 2RIE S A MRS AR g 1k e vh BOAE . ASCREE T HI9I(1 390) 5 353 (1~1v 390) il
FERI RPN WIS EGTHER. HlasE ) BRI, WE— DM EERRRIE S A RE
M2 A TAEZE, IR 5N R WU DU SRR 0 S b A= M bR SRR RE - BIF E B AE SR T+ T 8
BEFI IR, 2400 BAT AW B ST E AR Y, #8722 AL 5 g 2 (K S AE SR I, D MAEi2 )T
RUFR KR S BoR B

2. M 55%
2.1. HEBIRE

] o e i R 4 B L (IC G C) 2 2 i hE Wt T4 S OB L g, o0 H BR A2 I & Bk %28
e fiE R 51 R N R A A 5 2. ARWEFEM ICGC $idis 122 R Hfiies 25 35 (10 2L I8 2k bl 5 I R A5
B, 454 Poore Z5 N [20] R LIMMAEVIA AR, M T — N2 HEHIEE. X Bk =REERHAT I E
B S5 —ERE, RATEH 189 HlIGIR(E BB MEAEAS, SRR BREAR 2 A VE WAL 1. AR
Ji IR 23 S FFORE SE FRVE ST S 22 7, RAEAR I IR RUHZH A5 Stage IA I Stage 1B 5%, T IIHAL
i Stage s N A2 IV SRS, AT RS S FH T Mities 20 S TR 1) — 2 R i 4 .

Table 1. Lung cancer sample information

=1 MEEAER

Cancer Stage Size Group Total
1A, IB 98 Early 98
A, 1IB 41
LUNG
A, 111B 40 Middle-Late 91
v 10
2.2. FFEREYE

2.2.1. #F DESeq2 MEREREIER S

AT R G S 1) DESeq2 BT HE N RIAZE 40T, i Jey 38 e V5 200 i R R Rk BB 5 7 22
k2, LG BEEUEMTS log, 503k (Fold Change) (R4t AR, AR srsh B i Aa fi itk 5 vy 8 3 4k
[20]-[22]. DESeq2 P& FIARAEANLEIBESE A SR IEh S RIBE P 18 B 22, 75 E 4R P 1 2 0 )
B, ORIFC i AR I R B SR ek, BRI ) 2 N AT o 22 Rl e i vl 5 TR [23]. :T DESeq2
R FRIA 22 S5 A A2 R B G DL R = /MO P R

1) SN JGRURIE R R THEUH 2 (Read Counts), FHH IR PR 2 A RE AR 4 - 04 (Barly, 15 R0 &
H) 5 g HAZH (Middle-Late, {EASRIRZ), FEEXS RLIFEA 720 1) 5 (Groups) . 7EULEEAT I, 256140k
Wi o dUE BRFERVERE, AR T Guih B ¥ il 46 B (Design Matrix), #4884 FIAZE R 1% DESeq
DataSet %} 4 (DDS);

2) i DESeq()eR%onf DDS X RIWAT 5e B 1 22 e RIB 0 M, WO Tk BB MRS IESS P {E, P.adj <
0.05 H. abs (log. Fold Change) > 1, &#1% 1B 73 A1 45 JR vp i i 22 S R aA (A 5
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2.2.2. &F Mann-Whitney U Test I EYIEEER S

AW 5E K Mann-Whitney U 656, EL#E 535 v g 301t B 2 1) S MM R 2R BE I 0 A 25 5, DT
i 02 7 T E S I E R AR e gk A= b A

Mann-Whitney U #:56 i1 H. B. Mann 5 D. R. Whitney T 1947 5E42 1, & —Fh T LU 4L BEA
WEESH Gt 7. BRIy : WA R B BR AT B 2 (A7 50 S A 78 A AH R 0 A . iR 50 1
%0 B ILE T HIW A SR ) A AL B R AR R 22 5, JUHIE A T30 AN 2 IS Ey 22 55 1R
WY . 2T Mann-Whitney U test FIfAE ) 5 722 5 o0 i F 2 BEAHE LR = AP 3R

1) FARBMAY R THEEAE (micro_count), K FEAKI 53 A4 2H.(groups): A (x) 5 H G AR (y);

2) A mannwhitneyu()eRi%k, A x Ay {H, Wi alternative 24 two-sided, 15 ZfaL04h 5 ;

3) BT A\ MR, &EiHiksM p <0.05 H absolute_value > 0.2, 75 5)i5 2 &1 22 MY
Filro

2.2.3. ET 34 RIRE FHE L

FEAT 2250 3 e, AW Tt — D OT AL I, LART R SRR iz AL Re /1[24] [25]- ik,
AW FER A (Elastic Net) 14k [R5 A BATRALfE, %0750 Zou S5 A [26] [27]52H, @[
I 5 L1 (Lasso) 5 L2 (Ridge) i 1l, £ “mae/MEA” It N RBLH AL 3. —J7 T ] A2 po s i i
CASCELE Sh A it o5 — TS fE L “ RN, R R AR SRR AL P IR, AR Lasso
FERE PR IR A DG AR BN BEHLOR B B — R AL 0 R PR A

FERARSZ G, FAT70 50 mRNA Bl . BEE YA BEE DS — 35 b6 1) 2 20 2 B0 S 0 AT R AE
fiidk. R TLIT A SIGUENES . FEREHT ISR A0l 5 5 PR R T SR i e i o 9im 8 R PR A e ik
SAEEME, BA R IERAEM R 5 K, AR AR T Rl Sk s REIE,
SRR EY .

2.3. S EIERR MR
2.3.1. ETFERHUBIERE HEME
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Figure 1. Diagram of a deep neural network architecture based on the attention mechanism
E 1. ETEEANGIREREMEERE

AHEFUHR T — Rk IR B A A W 28 I il B Y BT (¥ e 0 TR, B ATT-DL (Attention-
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Based Deep Learning Model). ZE M LM S THEFEINE . SEEE . FE BRI Z, @idix
FhEE MIHES T e R R A &R, BAREE M 1 R,

HREAMERAEEL — MM )Z: dense(n) R iZEEEE A& n AMHZIT: activation ARiEFTR
(IBCE R dropout (p) s AR p SCHERENLJ0E IE ML SRR [28]. (A3 & A2, Layer 2. Layer 3
5 Layer 4 LA R i Jo85iEe, Horbidid multiply #F SEIURHEALE 5 R AR IZ SO R AT, i 3)
AR SCHERFAE 1) DR RFH SRR BT mRNA $d . S A 3 DL R 35 o 1 22 4 2 A S
SEHEATRFAE TR J5 73 145 2 (0 it 2 A Tl 4 3 A2 Vb S0 T B E 8 ATT-DL BB %N, it T2
W BB A BT AR RE B B

LS LERIEET TensorFlow JREE S SIHELSEIN, I e BumBlm Al gh. BASHOEW T
Zrit FEEEAT 100 4 epoch, DARRLREEAL 78 /il #ibEK/N(Batch Size)& A 4, LLFATTHESCR SRR fS
TR Rk Adam B2, PRECTEARR AR LAk il B BAT BT 1Y) S 2 ) ST RE s WA
SIERYEE N 0.001, A B TSR 1A e Hh S HT R R R E 5 452k IR HCR H — o628 XU (Binary Crossentropy),
EHT 2R BT S5 TP R AR, DU & S IR 23 A R SRR 28 1) 43 il
2.3.2. T iEER

N ARGVl BT H s 2 S TSRS (4045 250k, ASHIF 7R FH DU T00 F 43 28 M Re FR A idb A7 4 5 VP
A fE: HEFIZR(ACC). KEHER(PRE). I3 (REC) LA K 32k TARRHIE 28 T R (AUC).

3. IWERS ST
3.1 EAREIERINER

T DESeq2 12 7 R IE 7 fr L 4558 th 583 /N2 RIA FEK(DEGS), Ho 197 4~ i, 386 4 T i
2 kL, IR logs 550784k (log, Fold Change), Wil ngiit i35 (—logw P 1H). A AR
KRR, Gitabril HREIRES: 468 LIREERE, EER8TIRER, KN RETHIERE. WE
Rl DVE R, B ERRERERZ A T A AN, e RO X, 28 H A BB R IA AR
ARG R,
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Figure 2. Volcano plot of differential analysis results
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A RELE e ) R AE A R R AR e B A E . AR, W3 N, U ZNF560. FOXIL %%, 78 /e
FEARH I RIEREBAR, RIFEATATBEEA 0 8 e

32. WEWMERERIHER

AW TR Mann-Whitney U #5536 %] 1524 ANAEYVIFI AR BT Z 5 00 b7, 1€ B P RME
N p <005, FAGRGEH 15 ANEFIHS b T R AR (0] B 23 = B 2 R R R, A il
sl 3 firs

o+, Pedosphaera Al Desulfurobacterium 7 - HA fififes i 45 A (AR O 32 B 838 & T R A 4 # R
Lentimicrobium. Leptonema. Xanthomonas 1 Sediminimonas VUMb 7E tBG AL AS b L EIA 5 4, %
BR H = FE Bl 3k R T T e X 622 S M n] e 5 it AN [T B B AR S RHE S DIAROG, B 1EN4
MR WIhR S HEEMN G . R B /2 Xanthomonas T IE L4 S mifitie 10 &k 2E R &, W R g 2 2
TR VR T i ABAQ At S, ad ik i s AL I I T IR 2 % MAPK p53. JAK-STAT. PI3K-
Akt 55 5 it A R SR B UIAH DG IRAE Sl , 5 R 4 Mt ik PR e 1k [29]
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Figure 3. Expression levels of differential microbial species at different stages of cancer
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B o e IR AR PR S N B s A SO 4% DL R IR R AT AR ER . B4k, BET 583 A& R RIAH[FI(DEGS)
X MRNA B T RAE TR, SR 13 N EA AR IR K, SEMA SIS, K4E Mann-
Whitney U A5 1] p fELXF 1524 AN CAEVIVI R AT P HEE , FFE BT 150 AN 5 535 (D PV (g R AL
LTI S RS 62 N RUMAEIIFR BeE, K Bk 583 AN R K ST 150 AN ZE R E M A
I, MEZHFREEIRE, AR EHATRGREESE, BAHE3H 14 Mg NERFRHE, Hrhdg
5 12 MR 2 AN A

7E mRNA 5l &3R4 2 1], A7 9 MERPEILFR%A: ARMC3. EREG. CLDN8. GFRA3. SAA4
F1 SLC22A9. NXPE4. TMPRSS11E. ANKRD204A . TEMAAl Sk & BdsE2 |, 6 —MEM)
Fift Desulfurobacterium % 3 [R5 o A [F] 2H 250040 (A RRAE B Bk, R B AT AMUR B T & e — 4
SRS S, IR AT AR B A B ISR (1 AR 2 R ORI R R
3.4. RS HIEEAITHER

AR TR G JaE %) B T3 R L e AE 23 A TS R (ATT-DL), 7E =M & 48 42 (MRNA %48 £
Microbiome %(#54E &% mRNA + Microbiome @& £H54E) I FF /& 5 IR ALHTAS XIGUE, I uEZs B WL 2.
ZiREIR, ATT-DL FRI/ERLGHEE LR mimivEae, ST HAMF R —HdEE LRN, U
fHifEFR(ACC. REC. PRE. AUC)¥UEHEIT 80%, A 1 Flé 3k N 5 1 AL WA AE AL 34

Table 2. Prediction results of the ATT-DL model on three datasets
2 2. ATT-DL B E = FMEIRE P ITUNLE R

Datasets ACC PRE REC AUC
mMRNA 0.7667 + 0.0002 0.7687 + 0.0002 0.7539 + 0.0004 0.7821 + 0.0002
Microbiome 0.7924 + 0.0003 0.7835 + 0.0003 0.8000 + 0.0004 0.8081 + 0.0004
mRNA + Microbiome 0.8136 + 0.0002 0.8089 + 0.0005 0.8215 + 0.0004 0.8275 + 0.0003

B AN, SES e i I ASTIE T B4 HH PR 43 BTN A5 B (AT T-DL) 2 8 5 A& G L #5 2% 2] (SVM . Random
Forest. XGBoost. Logistic Regression)t& %! 7£ fill & £ 46 LidhAT 17 XFEL, 4 3 IR ATT-DL Y & IR bR
Byt T VUFP L G285 SR, S BLESeiE  SA TOIAE 2% s IR FE 2 ) R AR A L B0, SEINIABL
ATT-DL BLR [ i PERE .

Table 3. Prediction results of the ATT-DL model and traditional machine learning models on the fused dataset
= 3. ATT-DL R S E5EH &S IR ERM S RIS EMTUNZER

Method ACC PRE REC AUC
ATT-DL 0.8136 + 0.0002 0.8089 + 0.0005 0.8215 + 0.0004 0.8275 + 0.0003
SVM 0.6636 + 0.0309 0.6810 + 0.0580 0.6154 + 0.0487 0.6629 + 0.0302
Random Forest 0.7030 + 0.0169 0.7010 + 0.0104 0.6923 + 0.0506 0.7029 + 0.0173
XGBoost 0.6167 + 0.0419 0.6096 + 0.0355 0.6092 + 0.0956 0.6166 + 0.0426
Logistic Regression 0.7485 + 0.0101 0.7545 + 0.0071 0.7262 + 0.0429 0.7482 + 0.0105
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AT 6 AE4R 5035 R AL S e AL e R e h 0 B R P R, T 2 A i e T — Pl A
FINUE (178 3 2 A 25 R (ATT-DL), LSS 53 S0 KRR T . o720 M 45 L o, i
MRNA SHcE AR &5 b, HR. BIEK, FlER R AUC S0 ISHR I8 80%, GEi T
— 2 5(MRNA SMEAL X BBAL, T 24 S At ST I 4 ST U0 B 48

AT FELE B R B 5 TR B A — S R, (BB AETE L R R

1) REAHUBIAT IR ELA o — . ACHFS0OUAM T 189 BUIEREAS, AR a LA IR T, ik Hh 122 5
S DR 5 A R I ) B A3 P IR E . R SRE 2 R S A 51 e VP A S SR F 2 IR F7, TTHE
— 4R R R A R T IR LR

2) GRZAHMBIAE: ATT-DL FEBY B AR A FAE e S e M R A, (HIHZ AL RE 00 i A R i R
L BT 6 B MR BRI AL . SIS PR INBEAR I, w3 S PR A I A& I, A

Hi L2 SR S

E&WH
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