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Abstract

Microbiome multi-omics data are increasingly valuable for deciphering complex diseases. However,
their integration is often hindered by incomplete sample matching, widespread missing modalities,
and high-dimensional sparsity. To address these challenges, we propose IMMO (Integration Model
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for Incomplete Multi-Omics), a joint autoencoder-based framework that incorporates a dynamic
masking mechanism to adaptively handle missing data during training. Evaluated on inflammatory
bowel disease (IBD) and diabetes cohorts, IMMO demonstrates strong performance in both data re-
construction and disease classification, with latent representations capturing disease-relevant micro-
bial patterns. Our approach offers a robust, efficient, and interpretable solution for integrative analy-
sis of incomplete multi-omics data.
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1. 3l

JATE AR G B R RS BT se b R OCEIE A, HEM S DR kg
BT 2RSS 2 RS MR B UIAHOR[1] [2]- DRIk, il Sl A A R 4B s B R AE ML SEELR S
b 5 250y s M N ) S AR ) BEUR[3] [4]

BEA mE S TR KR, FHERH S JUEE S AR 4 555 2 4 2 F BRI P2 A
LR Rk AR 055 77 1] R G e T 0 A 25 R GE[5) [6], 3% LB A B A 4 1 P 93 (1BD) [ 7] 8]~
B PR I% (T2D) [9]FH 4 B [10] [11155 5 A 50 (1 AL S A T OCHRLR . AR, SEPRi v, 242
BB AR TG REAATEAVTHC . A FRAS R S . S gERfmn DL A A PR PR [12], X & i) ™
H 2 T B G B R 5 A5 = SRR .

& 48 (BN S AN EIORE A 501 B SRS BRAR BRI — B F2 S R R R, {H 5 S 8UE Bk HEiguih &iae
B T 2 A RS T, W MOFAR [13] A8 AR SR Y [14] A T B A5 A M 25 1 MoGCN [15],
T8 B N SE 8, A LU RS0 SRR T LA SE B 45 0 o TR FE 5 S B G ProgCAE [16]
A TMO-Net [17] BARFEA 70 FAT S5 h R I RIUFPERE, (HHRT RS ST 2. B9k,
FED 2 > (masked learning) S 7E H 4R 1 5 AL HE (18] A1 HUALE [19] [20]45 405K g AL H 5 K 37 24 )
SRR R ), N2 A FRS R TR, (EHE SRR NSRS R b ek = RIS, PR
TR 5T A AR R 1) SR

NT R BRI, ARSCHREH — R TS AR 1) 2 40 8 A A (IMMO-integration) . 145745
it AR (AE), FINBEIZRHERE B IE RIS, 28I EMBINS S MBCEMRIL, BERS
XA TEA AR ) 2 S B I B R SR A 2 ) 5 R AE I RE 77 8 T 2 M s 22 4H 2 40l P2 (IBDMDB)
[ R HH AR K 2= AR Z ST T H (IPOP)FE R [O] AH O 2 21 2 i 4 bW SEaRa0IE, AWFFE/RT IMMO-
integration 7E EMMERE S T FATS PR BRER I, Ny HCAERE HE B 2% A0k 1) B FH 295 T H:fifh o
2. WHEHRSTMALIE

HF 7 B P AR 5 9 M s 22 4H 22 3088 % (1IBDMDB) (https://www.ibdmdb.org) (A4S 56 5 52 41 24 %
PEEE[20], ZEH £ o7 WO 28 RE VE A (1BDYIRAS, A8 =250 22 K20 5 (mg) AR 422 (mb) F T

e zz(mt). i TR BR R LRI K Bkt 2, D9 OR A ot B8 T J5 SR i, 78 See i Jend
HATB ARG, 22U, BaRRIFEA RSO AAREE B WE 1R,
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Table 1. Sample overlap and label distribution across omics modalities
1 TEHFHAEEBFEARGEER

Datasets Samples NonIBD IBD
IBD_common 324 88 236
bol_tra_common 795 195 600
tra_bio_common 324 88 236
bol_bio_common 470 123 347
tra_bol_all 1588 414 1174
tra_bio_all 1020 243 777
bol_bio_all 1661 425 1236
IBD_all 1664 426 1238

BRIAEVERRBE GRS, AR FOR RS T Wi AR oA A B2 7 I H (http:/med stanford.edu/ipop.html)
Hesk, ZAdEgEN S TS EARAY: WIEWMEY 165 WP LI RNA WFFERE. AT
BT SRR R AE VAR S . RSP U8 e, B HYA ARG B 2 s,

Table 2. Sample overlap and label distribution in the diabetes dataset
2. BIRFRBEEHAEEEARGERER

Datasets Total Samples Diabetes/Pre-diabetes Control
Common Samples 606 479 49
RNA_Proteomics Common 805 629 79
RNA_bolomics Common 820 646 82
Proteomics_bholomics Common 903 698 94
RNA_Proteomics All 1008 782 101
All 1140 906 105

3. SLINgE
3.1. SCIRIRIRE

SEIIR R B UK 3 .

Table 3. Experimental environment setup
3. LWIFRRE

WA JRA S
TensorFlow 2.8.0
Scikit-learn 1.0.2

Pandas 1.35

NumPy 1.21.2

Matplotlib 3.4.3
SciPy 1.7.1
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3.2. IMMO tREIZ 4t

BERIHESR NP 1 Fi e RERR S 23 B B AL B AR H o

FEEAT R AL B R, JEIL A HERD [19] A K i A7 21 27 2E Bl epoch AL MIBERLIERY, 7 %03R
THE R0 B SR 37 SEAIE NI RE 7 BEAUAERD 2 i 3t 7 20 i 19X 2% S 25 2H 2R SR A, R L) —
WS BENL RS BORIE SRR B o ho W R RS R S AT, K S MR TR R A 28 A — VB AR 2 s e g
BO S R AG A%, BRI BN SCIL B B HAE R PR . IR AR I NIIBCE Rk 5
RN, GEAAR R S RAF U], FECRUEDU AR R R A R I (i 1 s R A R P 7 2 2T

ZHESGE S SR IINE) 5SS HOL = MR, BE4RTT T 2 AR Rk, R AED)
RGIREERENTIRAE T 7. AR R 045 DL 2R

S Cross-modality representation with IMMO N
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Figure 1. Overall framework of IMMO
1. IMMO EAKHEZR

(1) BHAFERLHLH
FEIRFE 2 I BRI Zhrlr, FERSHORY: ) 2 ML TR 58 IR0 LA R AR B0 Bk B 55 4 5 [21] . 3
ARG A RO AE NG A rh, SRR B — B o B LR RS (B B BN ), R HORBEER P(OREH
epoch FEHUIG L, AT
P(t)=P,-(L+r), subject to P, <P(t)<P,,, )

K, Po RAWIIATRBIMER, r &I, t Roxillgr epoch 2, FHAFE— P EK LR Prace X
HREFE VN ZRIHEAT , O B R IR0 2 — N FRBEAN S5 AR, AT B A R0 B R 1 S S B (1 et o
[ I PR H AN SE BB (1 B e . FEBREAS epoch TFARIT, B0 EERN A 2B ST A il — A — b B A
FEAGHERE M(Y), LR JCERIEIR RS R 50 A -

M " (t) ~ Bernoulli( P(t)) @)

ij

M FEET | AREAEKI S | ML B HOR B (=1) AR5 (=0) » WIRA TR BIBEA Poo o T [F] (21 246
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ADRNFER, KM T & H B IRE R S R
N T ERE IR A (SR KA ZRad R o 7= AR B RD 7R3 2% S IR A Y 10 fje 24 A RS
XA
Mtotal (t) = Mtrue ® Mdyn (t) (3)

XL Mg 2 JFUGEEFERE, 0L 5 MR R BT B TR FVE SEHLERD . AL DR A RS A
J7 5N RGHERS HSPRArAE U 4 2 5 2R R

(2) dbBEEHE BT

IMMO-integration K FH 2 73 SCHUT G it o 2044, 503 0 35 A AR H A5 ) I e g R 24 o B4
G ds th 2 MR R, B2 R IEARLNEBGE Swish B3 52 XUA:

Swish(x)=x-o(x) o(x)

(4)

Tlie”
o(x) FoR sigmoid PREL, &R ORXEA/NMEE IR AT IR EACEE, HtE—1b e SUA:

BN(x):a[w]+ﬂ (5)
Joi+e
Horh g Mo A ABIE S %, o BATTHEIBHL

B b o i AR ARV A R 20t — 0 T 4 5 W L AR S A) . A2 Rl — NS I A 2
JESEIYERENS 5, IETER— AR & 2 H 225 BRI RAL

(3) fEREGHI LI

RS BV E A g A I R (R, o IS 208 £ 3R v A i 06 2 A~ B s o RRRLSR I 3
RSN, S TSRS, BRFEFER Swish ¥iE . #t13—1k155 Dropout AL, LALRFER:E i
I NEIL G . RS S — BN RGE RE  YERESE T A AR IR L 2 A, AR
X RSN RS T o 35 fe MU B R 22, R S 5 AT 2% ) B N 2 (8] R T s, AT 4
SRR AE RN I B 5 AR AT R

(4) B3R e X 5L

Fs AR o AT B2 2y A A, B | R E SO

h = swish (w Y b ©6)

Ferw " A" 43 A AR 1
(5) MEBHIE
FERERI GRS T E 2 (M AR5, RTINS TR Z A % 040k s LS AR R AR, DA
JSEAOS AN [ 2H 25 () 4 JBE 72 S5 K B A 2 AN TR P i o HL 8 SCATR
1

WMSE:iai-|72M(x)-(x—f()2 )

Hep N ZAPBESREE, o 22TSH | MRESKBGE, X 2% | MESIEE S8R, M2 —1
AERERS, MRS AR R x R E SR 1 RRAAAEME]), 0 RRhEK.

3.3. SHAN
NIRBERTY A S, AR BT s i #2 1 DU 34 4k (Gaussian Process-based Bayesian
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Optimization). St ixt F2 Hoks DU B OL Ak 14 B br R B B0 N B3 5% bR . AL R 3 2 RS T /N okt
S, AFEETERIYENE . gnfid#sHh Dropout JZHRIE R . MALBSWILG 2 21 K . ShASRI ML+ Y] s
LR B ME 2R DL B 2% 2] 2840 B s DR 1 1 &% 2H PSS 0 IS A 451 2R AR 43 I

2o 0t 50 A0 DU AR AR, SFIERS T —HRREN SIS, BEWMENRRSEA G WL 1A
TN HE— 25 AT R I e M AR ) TR B R PRI WD AR R AE DR BE 28 (initial_p = 0.9) ARSI 2 =) 2232 ik (dle-
cay_rate = 0.99), IXTEHIR FI2A RN Bm FIWIAE IR BE 280 B TR B LE U 25 5 A 78 200 FH mT 0 U 4
FE RIS AR VIR, e RS B ™ E R T 2B AR . (HAESEPRSL I W &, AW TR 3)
BHEREYLH IR R 25 9 0.75, 1R Ui R A HEZERY 0.9, X — B IR R E &,
M2 T4t 1BD 2 41 2= A e e AR BTV Hh () SRS PRI 3 o iR 06 45 08 4 P A7 7 Ry 1A 240 6000 1) 5 20 2 i
Jefl, HSRBER S AR, 2R initial_p = 0.9 #4715, W RIZEWIGA I B BT ®h i “ N Lok
o7 R FE AR T SR T B R OKSE, AT e S BN SEBRER ML BB AR TN AL, 2T I §5 4 B
R Nz AtERE . ik, RATEZEIE IR EMEZE NI Z 0.75, AU ZRWT 3 A HE A 5 52 58 il 3
SEHCRE AR B o X — B A BON B T B R R R s G AR, g AD A E AR 2 5
I AR E BB ER IR . SRR S (L 4.1 T9)BE— B I01IE, AT B AR i = R B R 13
AKHE, p=0.75 (EEMRZE . T U IR E RN AW S — B S5 2 4EFEFR bR H 3R 0 H TE AR
EREIERE . T EYEFE B 20 e N 110, RUNZLERE & DA 3R 2 A 50 1008 e i, () B 4 i i
SHA . BURBE B R AR TR HEIE = B, WL AR 1BD R BYOCIHH AT A B A S SR )
By, X5 CA BT R ARBYAE o Dh e o 58 W R A 10 45 10— 3. BB S HOR MR FEnE 4 For.

Table 4. Hyperparameter optimization process
4. BSEORMIR

Hyperparameter Range Optimal Value
latent_dim [32, 128] 110
dropout_rate [0.1, 0.5] 0.47329

initial_learning_rate [0.0001, 0.01] 0.00183
initial_p [0.3,0.9] 0.9
decay_rate [0.9, 0.99] 0.99
loss_weights [0.3.0.3.0.4,0.4_0.3_0.3,0.5_0.25_0.25] 0.3.0.3.0.4

4, SCIGZER
4.1. PR ERITNSIER VS §5HEE

T IRUE BN ASTERD A M, ATFF L T SIS AP R . A B FR ST 1Y)
i 52 ARG R Ny 0.75. WIFRERD 45 2k BRI 1€ 2 B . MIRUR BRI R R, ShASSRISTERT 10 4
epoch 15 T [ 61.5%, #as[A AN I% 34.3%, BRI HKISRFLLILL A 72 epochs, FRASHERSTE 24
epochs $EATZ¢ 1k, HANSMILLE 5 ISR PR IR FRACIR T Bl B, R IIBAE ) A R 20T g
i AT R STHARARAE, 7F 1BD TRINAE S5 F B H kA (R A0 3

4.2. FRRIRRTN SO RER

NERfF B EYIAS 1BD 8 BARBLHI R, £EXT G 2 H A8t T B 6 s, KRR
THMEEARSHy 1BD. = FH 2 Bi 0 £ 17 6 Mg B 20505, 20 iR EE 2 2% (DNN).

DOI: 10.12677/aam.2025.1412484 53 N H it e


https://doi.org/10.12677/aam.2025.1412484
https://doi.org/10.12677/aam.2025.1412484

R EHLSVM). FENLARPR(RF). BAEESE TR (GBDT) LA K Ze 41 1) 4317 (LD A) R 12 9 2% (ElasticNet) o

Training Loss Comparison Between Dynamic and Static Masks
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Figure 2. Training curves comparing dynamic and static masking strategies
[E 2. h7SHERD VS BASHERD IR K R T (L E

INFIOTIE RS AUC WiFe 5 fizn, M2 W 4% (DNN) I H s JE L 4 RE 77, 3L AUC #]
FRAE KB40 B 4 0 T e 7715, 7 bol_bio_commo H#i4E 14 5] 0.976 [1JUEAH . B SR 32 H5 [ B HL(SVM)
TEA G R IEAR, (H7E R R4 LT 24 50)(0.864~0.962), #1 5 ZFHETUR T

1 Gt 2R MR A FE 2 1 1) 49 B (LD A) 5 0% [1] U5 (Ridge Regression) 7E 556 b i B H B 2 = R, o
¥ AUC ST 0.885, % T-#12 M2% (Neural Network) i AUC $8Friy s T HE ik, B MKIEN
T 75 i -

Table 5. Predictive performance AUC from different methods
= 5. FREIFEERERE - EFUN AUC

Datasets/Model SVM GBDT Neural Network LDA Ridge Regression RF
IBD_common 0.962 0.945 0.952 0.871 0.906 0.967
bol_tra_common 0.864 0.868 0.935 0.849 0.853 0.832
tra_bio_common 0.962 0.949 0.960 0.871 0.906 0.954
bol_bio_common 0.961 0.926 0.976 0.937 0.950 0.946
tra_bol_all 0.911 0.913 0.960 0.868 0.869 0.933
tra_bio_all 0.916 0.904 0.934 0.892 0.894 0.936
bol_bio_all 0.882 0.913 0.947 0.873 0.873 0.924
IBD_all 0.885 0.912 0.929 0.859 0.861 0.932

NV ZHASHERD B £ 22 U5 7 A B 3 b A R0, AT FE AR F BUZ 27 (Latent_110)1E 4
B NHEAT TN, 34 LS G EOE VR s AL EAT S Bt &l 30 1 4 o, R 1R T RRRZ R AL S R
IEBOEAEAN R B £ B RO T M BE(AUC f8). Z55RFEW], E\AARBIEAL S, Latent_110 %Y
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AUC A/NH 2 T IRUAHE, Seal P ERESETT, MRBL I AR SR T I RE 77 th o etk . BLAE AL AG
Bl ELEEBIN, BB AUC BEhBOR, JEHAER MRS ERIAFE, M2 T, BT RRERHE
AR FR I LR B v R ek, 3E— B IRAIE T B AR B AR AR SR IO TR (5 5 DAL 3 o B A S AL R 5 7 T
A 2

Comparison of Model Performance on Different Datasets (Raw Data)
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Figure 3. Comparison of model performance on different datasets (raw data)

3. NEIHESR ERA M R L AR (RIGEUR)

Comparison of Model Performance on Different Datasets (Latent 110)
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Figure 4. Comparison of model performance on different datasets (Latent_110)
4. TEIHIHESE EEB M RERIEL B (Latent_110)

3. 4 B TR AR EER D, 228 B A 207k AUC 19324, B R B oRkE g 4l
FRBBRIRD, BRI B 2177 AUC B i R R, (HanE 5, FrERBIEONFE, JUH M
LML RIBEHLARAR . A2 28 78 T A R TR AR IR B T RO R B RO PR RE, AR 2 SR 1911 AUC
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0.955, 5% 3 2 2AHHRM0 0.993 MLk, ZERAE 4%; BIETEF 2 1 R4 %KY 1BD all +,
e fRFF 0.933 ) AUC fH, TEMTAES LDA Fid. XEWEIA 8L LG S, XEPHH
W R AR L I AR X 48 T VR RS 78 70 R FIARE AR E g, a8t e DR A dE Bk S 2045 B k.

Model Performance with Incomplete Multi-Omics Data
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Figure 5. Model performance with incomplete multi-omics data
5. PR LAFHIBTHIER 44E
4.3, BERENEVFUIRREYESHEERE S
RN BEARE RTINS 5 A i, AR TR EERNABITE, RGVFG 1 S 4L Exs
IBD 73 DT RRAR L

FRIBILE KRB

HRBRPER

A WLR S A
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Figure 6. Top 10 most important features and attribution scores across the three omics layers
6. Z4HFHYAT 10 EEFHERVAR B S

Wi 6 fron, TERCEYAE, Prevotellacopri [1VE 195 5 =1(0.073), &3 & T HAWYIF, 2
FF 5 J& & 72 (W1 Bacteroides stercoris. B. vulgatus 1 B. fragilis) LA & LLF= T BR # FX ) Faecalibacterium
prausnitzii [FFEFRILH R IAPRE 5 o X L8 B AR 7E 45 0 B R e 38 e L R 15 32 e IR N ST TH LA
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JRiZiRGE, FHE B DR S T B R B B A AR O o S A T S DT BRI AR T
5 A JE Tl A A A A S 3L K . B, Y5 B Bacteroides fragilis 1) S 464 B4k B (SOD) Al 4
A id S 5 Y A s B A M, 1 B B A el e e T 4% R A NCIR S 2 5w iR . it
Ab, K& RNV 2 B (arginine deiminase) 55 2 15 & B WA U R Mg 28 s IR0 D G B R, 1t B AZE e
A T TR AR AR B A o AU ZELARFAE 1) SR AN VA RMELAF O B (B i 2900 0.007),  EHE 44 S i i AR
Y4 C18n_QI851 F1 C18n_QI711 Z & T sl kb &4, BEZAFEA TR I, X0 715+
55 AL FE R S A I S 1 R SIS .

5. R4S

[ =]

AHIE TERE R A 22 A A i df bl A AR AR A AN S8 A VLD . BEESBhR Re R R RS B, $ i
T —FhEE T B A HERL 1) 2 H 5 R B G IMMO-integration. AL I I 51 N I ZRdE A2 1 1E 8 5
MIZhAFAIHLE], R 7 XA R ARIE SRR, 8 % TSRS RS T RE S BN R BRI S iz AL
BEJI RN, 45 62RO EH 5 IBCE A IR R A, B SCHL T B8 422 I A ARt & 5 38
=g 2], AEPRERMEREVER RN 2T 1 I E SR B 2 vl Rt

£ IBDMDB #i#li 4k L) sIe S5 SRR, shA MDA 8200 T RSN TR, IABURFFS N ER
Wi, BLAE R 1BD IRZS TN AE 55, 6T W FE AR A RO Ao 2 D 4% 70 A K 20 a4 |- AUC i3 0.93,
H8 IR 2 0.99, FAIE 1 IZAE AR RFAESR IS A ARy T (R DU PR RE o HE— B AE W IHAR IPOP B R AH G
2 H PR R AMSEAE RoR, BN RN T 5N RRIRRE 2 KRB, AUC ik 0.898,
UEBIH A& R s Bl SRz AL RE

IMMO-integration JyAN5e 45 2 41 At (B G o a1t 7 — Sl Fadd BonT i J A TH SN . A
RS A RN BLSEHIEFE Hh i WA BOE R R R, IR RE A R BRI I RS R AL, SO R84
PREVHZI SHMBURIFT . BAh, IREACREEW I — DI R E 2 A 2R, IR R AN
2 I B A A O 77, B IRSHERR R

SE
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