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Figure 1 Multi-omics approaches in complex disease research. The left side displays different types of omics data and their sequencing methods,
while the right side displays multi-omics databases for complex diseases. Some of the elements in the image are from Biorender.com

L1 ZH PPN

PR 2H % (genomics) & TEMFFE A WA N BT A7 35t 1%
FHE, ATLLE AR 47 (whole  genome  sequen-
cing, WGS)H144h i F41J¥(whole exome sequen-
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DA AZ 2 i A S 1) o TR LR R B e . B RS
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LB I REZ A, 3UTRIX AT RNA T 25 £ B it
HRRAAL BN N T LU s BB AR &
Ji&, B A i 2 2 LA A () 2 SR 2 2 Bk ok
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5t 7 (single-molecule protein sequencing, SMPS).
BEAEBGS R HAI T (single cell mass spectrometry,
scMS) AL I 75 1 5l /3% (single cell protein sequen-
cing, SCPSeq)3 7 A SKIRIL. AT & 4L ~<n] LTS Bl
PR A, BN, TEREpioR T, SEHd
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Table 1 Summary of existing multi-omics databases

B2 FR PRI Hiee il Pk A0
DriverDBv4™" e FERZ 2, RMIL RG] 2E, $EaE4 %, TREAMS  http://driverdb.bioinfomics.org 2024
cfomics! FEhE, BhIKORRERE AL 55 T MBS ) BRI 21 2%, SRMBE R4 27, e stdl httns://cfomics.ncRNAlab.or 2024
6O 2%, BT, A P ~ ot
MyeloDBL” LR B L, RS2, 12 h“PS://P“’Ji‘;f;ﬁ)‘jg‘“gnﬂab/ 2024
130] S IMEE A, MIKE A T2, RIMILFE 2%, .
COMBATdb COVID-19 S L L PR 22 https://db.combat.ox.ac.uk 2023
X PR L S22 2 PN S .
IsMOD"" JEAAE TR miﬁi&é’g%gﬂ%’ﬂ AL https://www.i-smod.com 2023
FPIAP? 2tng S, R http://bioinfo-sysu.com/fpia/ 2022
FibROAD™! EEE e L PSR SRk, R E, e # https://www.fibroad.org 2022
iNetModels™" JEIE HEBA . R, SRR, 92 https://inetmodels.com 2021
AlzGPS"? B 5% Vi R LR, FeR A2, ARl https:/alzgps.lerner.ccf.org 2021
MVIPPY P TRy BER 2, FRUSER A, 5 https:/mvip.whu.edu.cn/ 2021
Fibromine™” IEF e B ALE, T, AN T s ibromine.com/— 50
EyeDiscases’" RSB LR, FMIEH L 2%, T Stdl 2 https:/eyediseases.bio-data.cn/ 2021
. P22, ALK A2, ookl 2, Bl .
1391 A , Nl -, f5 , : .
IBDMDB 757 S, 2 2 http://ibdmdb.org 2019
International Cancer
Genomics Consortium ng LR 27, FEMIE DR 21 2 N SR 2 https://dcc.icgce.org/repositories 2019
(ICGC)H™
Cancer Cell Line En- ey » » https://depmap.org/portal/down-
] K 4H 2% IH 2%
cyclopedia (CCLE)™*" HHAE RIS, Feral load/all/ 2019
C/VDdb*! N iR RN, Feat oy, R R, www.padb.org/cvd 2018
MOBCdb™! FLE SR E, FBER A E, 54 2E, 294 hitp:/bigd big.ac.cn/MOBCdb/ 2018
LinkedOmics™! JERAE FLR A2, FMILR L 2, Fe 42, AR http://linkedomics.org 2017
cCKDdb™! 12 P e LR 2, St dl o, |A T, Rt E www.padb.org/ckdbd 2017
OmicsDI™ IR FRE AU P pOm S SRR, FE5R 2%, A T 2 AR 2 2 https://www.omicsdi.org/ 2017
CardioGenBase!*”) S LR FLF A2, FEE A www.CardioGenBase.com 2015
UK Biobank™ HHEAE lb‘mﬁ\ ﬁﬁéﬁ IR 25, Festdl o, A R A P 4 2 https://www.ukbiobank.ac.uk/ 2014
HURS g 45
The Cancer Ge"[%? ¢ P hE LR F, FhoR a2, B AL A A A 2 https://cancergenome.nih.gov/ 2013
Atlas (TCGA)

METABRIC™ Ll LIRS, a2 http://molonc.bcere.ca/aparicio- 2012

lab/research/metabric/

KIRIHT WZ8RlE R B R A [ 21 Z (8] B A
HARHRR, BRSSPI EYIiREY). BAFE2
B A R T LA AR T OGRS B T 3k, 4R
I AR 2 2 8] S OC R IR E R, AR
AL A SR R L. N, BIF5E A 2
R DRI G2 S T S AP B R, R BT R 2 B
Bl S VRS B U B AR S A A B B R
A, ZHEBEGUIOIR T T 70 2 A Bl w1

WIZKICHR, LA IRAE Y 2R 58 A 52 A EL A TR £
PLEI. eI T LRl RS Ik, IFE o ok 4
L2 PR R 5 2 (AR LA e A M 25 1 H O 2R,
P M FHREALIE A S5 W 268 9 B R FE Rl & 22 40
SR, e MR E AR BRI R B E R
fF- P02 50, OmicsNetd vk &Ik T A TFHEUR A g
FEDH L B DR R 22 IR AR A T A
Zefuiith, HENAF LA T [ 45 UM 22 ) 45 B 5 P R
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Figure 2 Workflow of multi-omics integration. Some of the elements in the image are from Biorender.com
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B R R M AT, il aniBodein® A $2 H Bne-
tOmicsHiik, (i FHREHLIEE B A2 Aok B AN R s (]
MDA 2 25000, JF MBI A bR &
PRAE BT 32y B 0 PR RAE T AR R
Wy [ A Ar X 45 Fh 21 A B EA T RO B, LSRR
ZHEWEE, AR &AW & 0 8dE h U BE
AR SR, A RO B EG % 1%
ek,

22 HETEASERERIBLER AN B A ik
Wt A e 3 0 PP AR B R T A AR T R e 4
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DRIE 2 ) SR A TR Rl 5, B (S BLR Api

4436

PSRBT ATSS, IR R R /R AN R 41 22 1 N 7R
KRB SCH E Db . IS RIS 1) ) B ok
B, RATWAT LAY 2RSS Tk R
N Uk el L e S ()

2.2.1 B ## 4 J % (early integration method)

B S T (early integration method) & H54 £
2B G I — N IRAHE R, SR 5 R A W el
W i T . FRATIRIEOFSE B 09 AT LI 224 %
53 A W ) RN I W B Tml A, A W B Iml A
PR IZ WG R AL 53 4E,  To B nl A 456 f8 5 3R
e, YRR W 4% A A MR I, R
WA 7 BRI R RS HE R R S R BL AR ) 2k
FREYE A, B0 o LR MR (random  forests, RF)F15Z
¥ EAHL(support vector machines, SVM)IEHI S5 &
ST 2EL RV DR 2R B A T T 26 S e e e
SN TSR RN PR R T8 (least  absolute shrinkage
and selection operator, LASSO)¥&&RNAZIA. DNA
F AL ATDN A D ke 70 B S 7. Ay
D3 TT ARG B ), it Fridley 9 A i s
DU 642 0 AT A RN A 258 FISNP [ 3K B B >k
| DR 2 X6 SRR ) P A2 AN R4 5
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Figure 3 Workflows of early, intermediate, and late integration methods
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() e e, Ao S BRI 2 28 A, AR T
AR, ARG H R AR > —E R Eal )
i DR B ) R, 8] S O A 5 N AR S i T 4 1 )
TR EE F IR, RBP4 M 4% (deep neural net-
works, DNN)FICox Lt il XU YA 25 & ok b4 1A A7 T
SO SRR 2 T TR T s 25 S A P T, AR = AT
RN, DRI AT SR 5 R A il A SE B U A
A T Sy AN SRt A e 7/ FSIRANE k5 A I Y S KoY
TR, SRR Al . ST I R AR 2
T KR AR SR 2 0] ) 56 220k 58 SR i 4o 22 )
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B AR 1) A 2 SO FLASCHE AT DG 2R (419 3 22 R 7 e
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THERE B AEAE RN, Deng NV I3 BE 5 | S 191K
JEEE A 22 ) 4% 2R 5 PR A R R 2 W A B B R iR A T 2
Yy TIN; Elmarakeby®s A Nature I % F (P-
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T T8 12 W AN 105 2545 R T 55
2.2.2 % 4 77 % (intermediate integration method)

il #k & Jri2: (intermediate  integration method)&
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S WA 5 B B SRR TRE AR, AR AR, 3R
TR LK B 5 5 i B T mE A i 36T DL
M T2 TIN5
Ty FETERA BRIk R TR EE 22 2] (T IL AR,
XSET R R X OB L, At XA MBS (R Y
R T IT R SR EE 2% 2T T k.

HTF (8] (977 1 1 B4R S mixOmies™™”, L[]
Ao 3 T W FJC B IR 77 7. mixOmics %
Y AR S MY RPN R 2 2 0 HE s i,
TR Z 2 m ARG E B, AR5 R /b
TR AN AT W Ay sl R U A T T
BRE EREAWE ZHEE S R Tk,
{RADIES BT R B i B RS B AT . 2B,
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B SECUEA ZIELE R — DUt B B rh N [ 20 2 45
HOREIZEL. BN, SuterZs AT H (bnClustOmics &
FFIFE DL P 7 Do 286 3304 1 P44 Pl s R 87 1) S R 2R 2 Bao%
VTR R B SBFA R —Ffr s #) DL IH-307 DR 740 M2, ]
DIECA LA s AR = AR 1) I 48 RS E BT R
25 MF B, FEERANNIR 2, T DL A SRR Y
BREM-SCH 1 B 7E 4k B Z 4241 ) 17, e £y
SEFRHEAS R ZH 25 W A D BB R EA TS 8, 9] U Erie
S NHE A DT R SRR (Bayesian  biclustering
model, BBC), & T FLARE S 20« FEPH 41 1
LI AT BT, Tt R s A b, STy
D137 773 i) Clonealign B8 16 ] DL S B A Jed 4 i v AN
DL i scRNA-seq FlscDNA-seq 888 AT 55, Mk 5]
TR VA 78R 22 W] e 7,

R 285 2 07 i O SRR AN [R) 4% oRi
BRI 22 A T RRAE B, SR 5 AR YR L )5 B REAE
AL TR, AN R B i RAERE 1.
W, FREEREZ A% > (feature selection multi-core
learning, FSMKL)J&Z ML IET 2 4%27 S A B 7
2, B HZA AR IR 4 Z 8] A AR AL LA
MR FE T KUY, 2T 2 S By B R AT X
T B IR, R 3G J5 W RRAIE 2 [B] S AR 3 SRS, 1)
4irMKL-LPP7 . hMKLFIKPCA”.

T AR 48 1 5 1k i A O AR BT 6 R 2
FRRREAS AN LS, SR 5 B i S8 W 26 Sk 4 /s 2 41 2
ZIB IR, KEB ST AR 48 19 7 VA A R £ F 0
WA I A, 45 Wang 25 S FEARMLIR 46 Bl 5 5815 (si-
milarity network fusion, SNF)#{RNAZIAFIDNAH
AR DT S B 5 2325 Nguyen5 A5 H Y
PINSPlusidi o 418 8l 7 il 5 A I 2H 27 1 5 B SE B
Bk, ScottZe N OVEr Xz i £ R S A 19 2% S I
A7) (merged affinity network association clustering,
MANACclusti¥E); AN T R A58 4 D RC ) el
oy gt 1) 3 F 48 30 1 22 21 2% K 2 (neighborhood  based
multi-omics clustering, NEMO%.1%:)*".

FET A B4 0 R ) 1z i — 28 i 3
HOTHE, HAZO BV R H R o0 A 006 PR
FFE B T8 Geit T s e 4 i 2 240 27550808 O3 ik
PRI R P (AR R AR AR S ) FA i R P (R R A i 2
), #EAT I B AR A SRS s & 0. F5E N
TR FRNE B 5L TR G B 4 1) 5 Wtk AT T AT vF
f, AfFiCluster™ . JIVE™ intNMF™, MOFA™,
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MCIA®Y, MSFA®!, RGccA®., tucA™ Fiscikit-fu-
sion”", R IMCIATE K £ B8 4 rh 2 MR AE,
intNMF7E B AP B, eoh, BTBAH
Ay A T N H T A 2 e, Bl dnSeur-
a3, bindSC'HILIGER"V4%:.

Bl TR 24 S R R, ORI 22 9T 4 &
IAE Z 20 35 il TR B 2 ) B nT LA AN [ 41
FZ BIMEAELR M R, T AR T EaHr. TR
JE 2 20 1 Hh S T TR A% U BRI O [R] A R
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With the advancement of high-throughput sequencing technologies, the integration of multi-omics and multi-modal data
has become an important trend in the study of complex diseases. Multi-omics/multi-modal data provide new perspectives
for a deeper understanding of the pathogenesis and development of diseases, offering crucial support for the precision
diagnosis and treatment of complex diseases. This review first introduces various types of omics data and their
contributions to complex disease research. Genomics reveals the genetic background and mutations associated with
diseases by analyzing gene sequences; transcriptomics uncovers gene regulatory relationships related to diseases by
studying expression patterns; proteomics focuses on the expression, modification, and interactions of proteins;
metabolomics reflects adjustments in metabolic pathways before and after illness through changes in metabolites;
radiomics shows disease-induced alterations via medical imaging. Integrating and analyzing these omics data can
compensate for the information gaps of single omics data, enabling a more comprehensive understanding of the molecular
mechanisms of complex diseases. Furthermore, this review introduces multi-omics databases related to complex diseases,
covering diseases such as cancer, cardiovascular and cerebrovascular diseases, organ fibrosis, chronic kidney disease,
Alzheimer’s disease, and inflammatory bowel disease. These databases facilitate researchers in obtaining and analyzing
multi-omics data.

Next, this review systematically categorizes the existing multi-omics integration methods into two types: correlation and
network-based methods and data matrix and machine learning-based methods. These two approaches use different means
to reveal the potential connections between data, thereby providing deeper insights into complex biological systems.
Correlation and network-based methods involve using association analysis or complex network analysis to identify the
intrinsic connections between different omics, thereby discovering biomarkers related to phenotypes. Data matrix and
machine learning-based methods refer to utilizing statistical analysis, machine learning, and deep learning models to
achieve data fusion for clustering or classification tasks, while revealing the inherent relationships between multi-omics
data and identifying disease-related biomarkers. Data matrix and machine learning-based methods are further divided into
early integration, intermediate integration, and late integration. Early integration method involves merging multi-omics
data into a joint matrix and then applying machine learning or deep learning models for classification. Intermediate
integration method involves modeling each omics data separately, followed by the integration of the transformed matrices
or models. Late integration method independently models each omics data and then combines the model output results.
Building on this, the review also discusses the applications of multi-omics integration models in complex diseases, such as
disease screening, subtyping, prognosis, and drug response prediction.

Finally, this review summarizes the current challenges in multi-omics/multi-modal data integration, which are divided
into three levels: sample, data, and model. At the sample level, the absence of matching data limits the efficacy of
integration methods, and researchers are addressing this issue through the development of data sharing and new algorithms.
At the data level, the characteristics of high dimensionality, noise, and heterogeneity necessitate the use of more efficient
deep learning methods for data integration. At the model level, the key challenges include lack of interpretability, low
computational efficiency, and privacy concerns. Researchers are enhancing model interpretability through visualization
tools and incorporating biological prior knowledge into deep learning models, while also exploring new technologies such
as model acceleration and privacy-preserving computation to improve model efficiency and security. Despite the
challenges, multi-omics integration has demonstrated significant potential in the diagnosis and treatment of complex
diseases.

multi-omics, multi-modal data, bioinformatics, complex diseases, data integration
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