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Abstract  
While  multi-omics  integration  is  the  gold  standard  for  precision  oncology,  its  clinical  utility is  severely  hampered  by  the  incomplete  data

 problem,  where  cost  and  technical  barriers  often  leave  researchers  with  only  single-omics  profiles.  Our  manuscript  introduces  CSIE  (cancer

 subtyping  via  inference  and  ensemble),  a  framework  that  bridges  this  gap  by  using  a  novel  transformer-based  inference  module  which

 incorporates  systems-level  knowledge  to  accurately  infer  missing  omics  layers  from  gene  expression  data.  Furthermore,  CSIE  employs  an

 ensemble  clustering  module  that  simultaneously  integrates  multi-omics  data  via  different similarity  metrics  and  clustering  algorithms  to

 capture  molecular  patterns  of  cancer  subtypes.  The  robustness  of  CSIE  is  validated  through  extensive  benchmarking  against  12  state-of-

 the-art  methods  across  66  cancer  datasets  with  over  15  000  patients  and  22  diverse  data  modalities/platforms.  Our  results  demonstrate  that

 CSIE  significantly  outperforms  existing  tools,  particularly  in  scenarios  with  incomplete  data.  This  work  shifts  the  paradigm  from  requiring

 exhaustive  data  collection  to  leveraging  biological  intelligence  for  data  completion,  offering  a  scalable  solution  for  high-resolution  cancer

 subtyping  in  real-world  clinical  settings.  All  source  code  of  CSIE  and  scripts  for  regenerating  results  reported  in  this  article  are  available  at

 https://github.com/tinnlab/CSIE.
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Introduction 

Cancer  encompasses  a  broad  spectrum  of  diseases,  ranging  from
 highly  malignant,  metastatic,  and  aggressive  cancers  to  benign
 lesions  with  a  low  risk  of  progression  or  death.  To  capture  the
 dynamic  nature  of  cancer  development,  researchers  employ  various
 genome-wide  profiling  techniques  across  multiple  biological  levels,
 

including  genomics  (DNA),  transcriptomics  (RNA),  epigenomics  (gene
 regulation),  proteomics  (proteins),  and  metabolomics  (metabolites).
 Analyzing  multi-omics  data  provides  a  comprehensive  view  of
 cancer  evolution, molecular  subtypes,  and  potential  risks. These
 insights  are  critical  for  effective  personalized  treatment  and  prognosis
 [ 1– 4].
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Multi-omics  integration  has  led  to  significant  discoveries  in  can-
 cer  research.  For  example,  integrating  transcriptomic,  epigenomic,
 and  proteomic  data  from  leukemic  blood  cells  has  identified  cancer-
 specific  processes  in  blood  differentiation  and  crucial  markers  for
 leukemia  subtypes  [ 5].  Similarly,  multi-omics  studies  have  resulted  in
 the  discovery  of  novel  subgroups  and  new  therapeutic  targets  across
 various  cancer  types,  including  breast  cancer  [ 6],  liver  cancer  [ 7],  lung
 cancer  [ 8],  and  brain  cancer  [ 9], among  others  [ 10– 13].
 

Many  integrative  methods  have  been  developed  for  cancer  sub-
 typing,  which  can  be  grouped  into  three  main  categories:  consensus-
 based  models,  shared  representation  methods,  and  similarity-based
 approaches.  Consensus-based  models  identify  clusters  within  each
 omics  dataset  and  combine  the  individual  clustering  results  into  an
 optimal  final  grouping.  Early  approaches  like  CC  [ 14],  RDCCE  [ 15],
 BCC  [ 16],  MDI  [ 17],  and  ECC  [ 18]  focus  on  combining  cluster  assign-
 ments,  while  recent  methods  such  as  KLIC  [ 19],  CancerSubtypes  [ 20],
 MOVICS  [ 21],  ClustOmics  [ 22],  Subtype-WESLR  [ 23],  and  DSCC  [ 24]
 integrate  multiple  clustering  algorithms.  Shared  representation  meth-
 ods  first  generate  a  low-dimensional  common  representation  across
 all  data  types  and  then  apply  clustering  to  discover  subtypes;  examples
 include  scMNMF  [ 25],  Subtype-GAN  [ 26],  SMRT  [ 27],  SCFA  [ 28],  intNMF
 [ 29],  LRACluster  [ 30],  iClusterBayes  [ 31],  iClusterPlus  [ 32],  iCluster  [ 33,
 34],  MRGCN  [ 35],  DLSF  [ 36],  and  DSIR  [ 37].  Finally,  similarity-based
 approaches  construct  a  similarity matrix  (e.g.  a  patient-to-patient  net-
 work)  for  each  individual  data  type,  mathematically  combine  them
 into  a  single  overall  similarity  matrix,  and  then  partition  this  matrix
 using  a  clustering  algorithm.  Prominent  examples  are  PartIES  [ 38],
 SNF  [ 39],  NEMO  [ 40],  PINS  [ 41,  42],  CIMLR  [ 43],  ANF  [ 44],  hMKL  [ 45],
 MDICC  [ 46],  and  iMKL  [ 47].
 

Despite  the  variety  of  available  methods,  current  subtyping
 approaches  face  significant  challenges.  First,  many  state-of-the-art
 methods  rely  on  specific  omics  types  or  particular  data  platforms,
 and  often  require  completely  matched  samples  across  all  data
 types.  However,  these  ideal  conditions  are  rarely  met  in  practice,
 where  typically  only  gene  expression  data  are  available.  As  a  result,
 existing  subtyping  methods  usually  exhibit  limited  performance
 on  incomplete  datasets.  Second,  most  of  the  available  subtyping
 approaches  only  employ  Euclidean  distance  metrics  to  measure
 the  differences  among  samples  while  ignoring  alternative  metrics.
 Directional  distance  formulations,  such  as  angular  and  cosine-
 based  metrics,  which  have  gained  increasing  traction  in  deep
 learning  research  [ 48– 50],  have  the  potential  to  enhance  the
 discriminative  power  of  subtyping  methods.  Third,  existing  tools
 often  fail  to  consider  the  vital  role  of  pathway  information,  which
 is  fundamental  for  understanding  the  convergence  of  molecular
 variations  into  similar  biological  functions.  The  incorporation  of
 systems-level  knowledge  has  increased  the  performance  of  models
 developed  for  cancer  recurrence  and  cancer  survival prediction  [ 51,
 52],  and  can  lead  to  meaningful  subgroup  discoveries  in  disease
 subtyping.
 

To  address  these  challenges,  we  introduce  a  new  subtyping
 approach  named  Cancer  Subtyping  via  Inference  and  Ensemble
 (CSIE).  CSIE  adopts  a  transformer-based  data  inference  module  that
 utilizes  pathway  information  to  capture  meaningful  cross-omics
 relationships,  and  generates  important  molecular  types  (miRNA,
 DNA  methylation)  from  gene  expression  datasets  when  these  data
 are  missing.  The  method  also  employs  an  ensemble  clustering
 module  that  leverages  different  distance  metrics  in  constructing
 patient  affinity  matrices  and  applies  a  multi-stage  fusion  technique
 

to  effectively  integrate  these  networks  across  all  available  omics
 types.  Additionally,  CSIE  combines  different  clustering  algorithms  in
 its  ensemble  clustering  module  to  derive  the  optimal  subgroups  for
 each  dataset.  To  demonstrate  the  advantages  of  the  proposed  method,
 we  compare  CSIE  against  12  current  state-of-the-art  approaches:
 consensus  clustering  (CC)  [ 14],  CIMLR  [ 43],  SNF  [ 39],  LRACluster
 [ 30],  intNMF  [ 29],  ANF  [ 44],  NEMO  [ 40],  MRGCN  [ 35],  hMKL  [ 45],
 MDICC  [ 46],  DLSF  [ 36],  and  DSIR  [ 37].  Our  benchmarking  involves
 an  extensive  analysis  of  66  cancer  datasets  with  over  15  000  patients
 obtained  from  the  Genomic  Data  Commons,  or  formerly  known  as
 The  Cancer  Genome  Atlas  (GDC/TCGA),  cBioPortal,  NCBI  GEO,  and
 published  articles.
 

Materials  and  methods  

Data  processing  

We  use  all  available  omics  types  for  the  downloaded  datasets,  includ-
 ing:  mRNA,  miRNA  expression,  DNA  methylation,  copy  number  varia-
 tions  (CNVs),  somatic  mutations,  protein,  and  metabolite  levels.  Among
 these  data  types,  only  CNVs  encompasses  gene-level  features,  while
 others  comprise  features  at  different  levels. Each  omics  type  may
 include  multiple  data  formats,  which  are  treated  as  separate  data
 matrices  in  our  analysis.  For  instance,  mRNA  includes  raw  counts,
 Transcripts  Per  Million (TPM),  Fragments  Per  Kilobase  of  transcript
 per  Million fragments  mapped  (FPKM),  and  upper  quartile  FPKM
 (FPKMuq);  miRNA  expression  contains  Reads  Per  Million  (miRNArpm)
 and  Isoform  (miRNAiso).  We  follow  the  data  processing  pipeline  intro-
 duced  in  our  previous  work  [ 24].  We  start  with  gene-level  aggregation
 for  mRNA,  miRNA,  DNA  methylation,  and  protein  quantification,  fil-
 tering  out  the  genes  not  associated  with  Kyoto  Encyclopedia  of  Genes
 and  Genomes  (KEGG)  pathways.  We  then  perform  log2  transformation
 as  well  as  replace  missing  values  with  zeros  for  mRNA,  miRNA,
 DNA  methylation,  CNVs,  protein  levels,  and  metabolomics  data  (see
 Supplementary  Fig.  S2  for  alternative  imputation  techniques).  For
 somatic  mutations,  we  count  the  number  of  each  single-base  substi-
 tution  type  (among  C>A,  C>G,  C>T,  T>A,  T>C,  T>G)  for  each  sample.
 

Overall  pipeline  

Figure  1  illustrates  the  CSIE  framework  for  cancer  subtyping, which
 comprises  two  primary  modules:  data  inference  (  Fig.  1A)  and  ensem-
 ble  clustering  (  Fig.  1B).  The  data  inference  module  is  designed  to
 reconstruct  missing  omics  types,  while  the  ensemble  clustering  mod-
 ule  integrates  multi-omics  data  to  partition  patients  into  distinct  sub-
 types.
 

In  the  data  inference  module,  miRNA  (miRNArpm  and  miRNAiso)
 and  DNA  methylation  data,  if  they  are  missing,  are  generated  from
 gene  expression  profiles  (  Fig.  1A).  The  inference  models  for  these  three
 data  types  share  a  common  architecture: an  encoder  to  transform
 the  source  data  (gene  expression)  into  pathway  embedding  matrices,
 and  a  decoder  to  reconstruct  the  target  data  from  these  embed-
 dings.  We  optimize  the  parameters  for  each  model  using  gene  expres-
 sion,  miRNA,  and  methylation  data  aggregated  from all  GDC/TCGA
 datasets. 

The  ensemble  clustering  module  processes  the  multi-omics  data  by
 combining  various  data  types,  distance  metrics,  and  clustering  algo-
 rithms  (  Fig.  1B).  For  each  distance  metric,  the  method  first  constructs
 the  patient  similarity  networks  across  all  omics  types  before  combin-
 ing  them  into  a  single  consensus  affinity  matrix.  Next,  the  method
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Figure  1  The  overall  analysis  pipeline  of  CSIE  encompassing  two  main  modules:  (A)  The  data  inference  module  uses  a  gene-pathway  MLP  encoder
 and  transformer  block  to  convert  gene  expression  data  into  pathway  embeddings,  which  a  decoder  transforms  into  target  omics  data  (miRNArpm,
 miRNAiso,  or  DNA  methylation);  (B)  The  ensemble  clustering  module  generates  and  combines  Euclidean,  angular,  and  aggregated  affinity  matrices  per
 omics  input,  applies  spectral  clustering  and  the  Louvain  algorithm,  and  selects  the  final  cancer  subtyping  result  using  the  highest  Silhouette  score. 

employs  spectral  clustering  and  community  detection  methods  to
 partition  these  consensus  matrices,  ultimately selecting  the  clustering
 solution  with  the  highest  Silhouette  score.
 

Inference  of  miRNA  and  DNA  methylation 

The  goal  of  the  data  inference  module  is  to  generate  important  data
 types  from  gene  expression  data  if  such  data  types  are  missing  from
 the  input.  In  this  article,  we  use  the  same  model  architecture  to
 generate  miRNA  (miRNArpm  and  miRNAiso)  and  DNA  methylation.
 For  each  of  the  three  data  types,  we  train  the  parameters  separately
 using  all  data  samples  from  GDC/TCGA,  which  have  gene  expression,
 miRNArpm,  miRNAiso,  and  DNA  methylation  data.  We  merge  all
 GDC/TCGA  samples  into  a  large  dataset  and  then  use  it  to  fine-tune
 parameters  for  each  of  the  three  data  types  (miRNArpm,  miRNAiso,
 and  DNA  methylation).  The  overall  architecture  of  the  module  consists
 of  an  encoder  and  a  decoder.  The  encoder  transforms  the  source 

data  (gene  expression)  into  pathway  embedding  matrices,  whereas
 the  decoder  generates  the  target  omics  data  (miRNArpm,  miRNAiso,
 and  DNA  methylation)  from  the  pathway  embeddings.
 

Encoder  
The  encoder  transforms  the  input  gene  expression  vector  of  each
 patient  into  a  pathway  embedding  matrix  (pathways  by  latent
 features),  in  which  rows  represent  KEGG  pathways  (353  pathways)
 and  columns  represent  latent  features  (256  features).  The  encoder
 consists  of  one  gene-pathway  multi-layer  perceptron  (MLP),  two
 encoding  matrices  (pathway  identity  encoding,  source  omics  encoding),
 and  one  transformer  block  .
 

The  gene-pathway  MLP  encompasses  one  gene-pathway  layer  ini-
 tialized  with  KEGG  pathway-gene  membership  and  two  fully  con-
 nected  layers—each  with  layer  normalization,  Rectified  Linear  Unit
 (ReLU)  activation,  and  dropout  regularization.  The  gene-pathway  MLP
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aggregates  gene-level  expression  into  pathway  activities,  transform-
 ing  the  expression  vector  of  each  patient  into  a  pathway  expression
 matrix.  These  expression  matrices  are  then  augmented  with  the  path-

 way  identity  encoding  and  source  omics  encoding  before  being  passed  to
 the  transformer  block  .  The  two  encodings  are  learnable  matrices  ran-
 domly  initialized  with  the  same  dimensions  as  pathway  expression
 matrices. 

The  pathway  identity  encoding  is  comprised  of  unique  encoding
 vectors,  in  which  each  vector  represents  a  pathway.  The  addition
 of  this  encoding  allows  the  model  to  distinguish  among  pathways
 and  prioritize  important  pathways  during  training.  The  source  omics

 encoding  consists  of  a  single  encoding  vector,  replicated  across  all
 pathways,  which  informs  the  model  of  the  molecular  type  being
 used  as  the  source  omics.  The  incorporation  of  this  encoding  enables
 learning  omics-specific  transformation  patterns  during  cross-omics
 translation. 

The  transformer  block  consists  of  two  components:  a  self-attention
 mechanism  [ 53],  and  a  two-layer  feed-forward  network,  each  with
 ReLU  activation  and  dropout.  A  residual  connection  and  layer  nor-
 malization  are  employed  around  each  of  these  components.  The  trans-

 former  block  transforms  each  augmented  pathway  expression  matrix
 into  a  pathway  embedding  matrix  with  the  same  dimensions.  During
 this  process,  each  expression  matrix  is  treated  as  an  embedding  of
 a  sequence  of  353  tokens  (pathways).  The  self-attention  mechanism
 computes  context-rich  representation  for  each  pathway  by  allowing
 every  pathway  to  attend  to  all  others  in  the  sequence,  which  helps  cap-
 ture  inter-pathway  relationships.  The  feed-forward  network  enables
 learning  more  complex,  non-linear  transformations  of  each  pathway’s
 representation  via  ReLU  activation,  thus  further  refining  pathway
 embeddings.
 

Decoder  
The  decoder  employs  a  reverse  architecture,  compared  to  the  encoder,
 to  reconstruct  the  target  data  type  from  the  pathway  embedding  matri-
 ces.  Specifically,  it  encompasses  one  encoding  matrix  (target  omics

 encoding  ),  one  transformer  block  ,  and  one  pathway-gene  MLP.  Similar
 to  the  source  omics  encoding  ,  the  target  omics  encoding  is  a  learnable
 matrix  randomly  initialized,  which  informs  the  model  of  the  target
 omics  type  and  guides  the  model  to  generate  omics-specific  output
 patterns.  The  decoder  combines  the  pathway  embedding  matrices
 (from  the  encoder)  with  the  target  omics  encoding  before  passing  them
 to  the  transformer  block  .
 

The  transformer  block  of  the  decoder  comprises  a  self-attention
 mechanism,  a  cross-attention  mechanism  [ 54],  and  a  two-layer  feed-
 forward  network,  each  with  ReLU  activation  and  dropout. Residual
 connections  and  layer  normalization  are  still  applied  around  each
 of  the  three  components.  The  transformer  block  reconstructs  path-
 way  expression  matrices  from  the  pathway  embedding  matrices.  The
 addition  of  the  cross-attention  mechanism  helps  the  model  learn
 which  cross-omics  pathway  relationships  are  biologically  meaning-
 ful  for  accurate  omics-translation.  Unlike  the  self-attention  mecha-
 nism  which  queries  and  attends  to  the  same  data,  the  cross-attention
 mechanism  queries  the  decoder’s  self-attention  output  while  attend-
 ing  to  the  encoder’s  output.  As  a  result,  this  mechanism  enables  the
 model  to  compute  attention  weights  that  determine  the  relevance  of
 each  source  pathway  to  each  target  pathway.
 

The  pathway-gene  MLP  employs  two  layers  with  layer  normal-
 ization,  ReLU  activation  and  dropout  regularization.  This  block  first
 aggregates  pathway-level  expression  via  mean  pooling,  producing  a
 

single  pathway  expression  vector  for  each  patient,  then  projects  each
 vector  into  a  full  expression  vector  of  the  target  omics  type.
 

Training  
To  prepare  for  the  training  of  each  model,  we  merge  all  GDC/TCGA
 datasets  into  one  merged  dataset  and  select  only  samples  that  have
 both  the  source  omics  (gene  expression  in  mRNAtpm  format)  and
 target  omics  (miRNArpm,  miRNAiso,  or  DNA  methylation).  We  also
 intersect  genes  between  the  two  modalities  (source  and  target  omics),
 keeping  only  genes  present  in  both.  The  merged  dataset  is  then  parti-
 tioned  into  training  (80%)  and  validation  (20%)  sets  using  stratified
 sampling  which  preserves  the  distribution  of  cancer  types  across
 splits.  Finally,  z-score  transformation  is  performed  for  each  gene,
 in  which  the  mean  and  standard  deviation  are  computed  from  the
 training  set  and  applied  to  both  training  and  validation data.
 

Each  model  is  trained  using  a  bidirectional  learning  approach  that
 simultaneously  optimizes  two  translation  directions:  forward  and
 reverse.  For  the  forward  direction,  we  use  gene  expression  as  the
 source  omics  and  leverage  other  omics  types  (miRNArpm,  miRNAiso,
 or  DNA  methylation)  as  the  target  omics.  For  the  reverse  direction,
 we  use  other  molecular  data  as  the  source  and  gene  expression  as
 the  target.  In  each  training  iteration,  both  directional  translations  are
 computed  and  their  training  losses  are  jointly minimized,  enabling
 the  model  to  learn  bidirectional  cross-omics  relationships. We  employ
 the  AdamW  optimizer  [ 55]  with  an  initial  learning  rate  of  10  −5

 and
 weight  decay  of  10  −6

 for  regularization.  To  prevent  overfitting,  we
 incorporate  a  dropout  regularization  rate  of  0.1  ,  gradient  clipping
 (maximum  norm  of  1.0  ),  and  early  stopping  with  a  patience  of  20  
epochs  based  on  the  validation  loss.  The  best-performing  model,  deter-
 mined  by  the  lowest  validation  loss,  is  saved  along  with  the  data
 normalization  parameters  (mean  and  standard  deviation)  to  enable
 consistent  preprocessing  during  inference.
 

Loss  functions  
We  employ  a  composite  loss  function  that  includes  three  components:
 reconstruction  loss  (  L

 re  ),  cycle  consistency  loss  (  L
 cy  ),  and  pathway  con-

 sistency  loss  (  L
 pa  ).  The  total  loss  is  defined  as  follows:  

L
 total  =  λ 1  L  re  +  λ

 2  L  cy  +  λ
 3  L  pa

 where  λ
 1  =  1.0  ,  λ

 2  =  0.1  ,  λ
 3  =  0.01  by  default.  These  weights  represent

 their  relative  importance  in  the  total  loss.
 

The  reconstruction  loss  directly  measures  accuracy  of  the  omics-
 translation  task  in  both  translation  directions.  Let  us  denote  n as  the
 number  of  patients,  x

 i  as  the  source  expression  for  patient  i ,  y
 i  as  the

 target  expression,  and  ˆ y
 i  =  f  (x  i  )  as  the  source-to-target  translation,

 f  −1
 as  the  reverse  translation,  and  MSE  as  mean  squared  error.  The

 reconstruction  loss  is  calculated  as:  

L
 re  =  1

n

 n
 ∑

 i=1

 [
 MSE

 (
 f  (x

 i  ),  y i
 )

 +  MSE
 (

 f  −1
 (y

 i  ),  x i
 )]

 The  cycle  consistency  loss  enforces  invertibility  by  ensuring  that
 sequential  translations  through  both  modalities  return  to  the  original
 input.  It  is  computed  as  follows:  

L
 cy  =  1

n

 n
 ∑

 i=1

 [
 MSE

 (
 f  −1

 (  ˆ y
 i  ),  x i

 )
 +  MSE

 (
 f  (f  −1

 (y
 i  )),  y i

 )]
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The  pathway  consistency  loss,  computed  for  each  KEGG  pathway,
 minimizes  the  discrepancy  between  the  average  expression  of  path-
 way  genes  in  the  original  and  reconstructed  data.  It  ensures  that
 functionally  related  gene-level  features  maintain  coherent  expression
 patterns  across  different  omics  types.  The  loss  is  calculated  as  follows:  

L
 pa  =  1

n|P||G
 p  | 2

 n
 ∑

 i=1

 ∑
 p∈P

 ∑
 g  ∈G

 p

 [(x
 ig  −  ˆ y ig  )  2  +  (y  ig  −  f  −1

 (y
 ig  ))

 2
 ]

 where  P  is  the  set  of  pathways,  G
 p   is  the  set  of  genes  in  pathway  p  ,  x

 ig  

and  y
 ig   are  the  source  and  target  values  for  gene  g  ,  ˆ y

 ig   represents  the
 estimated  target  value  for  gene  g  ,  and  f  −1

 (y
 ig  )   represents  the  estimated

 source  value  for  gene  g  .
 

Data  infer  ence  
We  perform  inference  for  each  of  three  data  types  separately.  Given
 an  input  gene  expression  matrix,  we  remove  genes  in  the  input  data
 that  are  not  present  during  training  and  replace  missing  expression
 values  with  zeros  before  performing  a  z-score  transformation.  Next,
 we  perform  cumulative  distribution  function  (CDF)  matching  to  align
 the  distribution  of  the  input  data  with  that  of  the  training  data  [ 56].
 CDF  matching  works  by  ranking  the  expression  values  for  each  gene
 in  the  new  data,  then  mapping  these  ranks  to  corresponding  quantiles
 in  the  distribution  of  the  training  data  and  inferring  new  expression
 values  accordingly.
 

We  use  the  trained  models  and  preprocessed  data  to  generate  data
 matrices  of  the  target  omics  types,  which  are  in  z-score  scale.  We  then
 apply  inverse  z-score  transformation,  leveraging  training  statistics  of
 each  target  modality,  to  convert  the  generated  data  matrices  to  their
 normal  scale.  Finally,  we  also  perform  data  trimming  on  the  scale-
 reversed  generated  data.  Specifically,  DNA  methylation  values  are
 clipped  to  [0,  1] while  miRNArpm  and  miRNAiso  values  are  forced  to
 be  non-negative.
 

Ensemble  clustering 

The  ensemble  clustering  module  measures  patient  similarities  by
 applying  different  affinities  to  each  data  type,  then  merges  these  matri-
 ces  to  generate  consensus  patient  networks.  Next,  spectral  clustering
 and  community  detection  algorithms  partition  these  networks  into
 distinct  clusters.  Finally,  the  optimal  assignment  is  selected  based  on
 the  Silhouette  score. 

Constructing  patient  affinity  matrices  
Given  a  set  of  L molecular  data  matrices,  let  X

 l  denote  the  data  matrix
 for  omics  l .  For  each  X

 l  ,  we  generate  three  distinct  affinity  matrices:  (i)
 Euclidean  affinity,  (ii)  angular  affinity,  and  (iii) aggregated  affinity.
 

The  Euclidean  and  angular  affinity  matrices  are  computed  using  the
 radial  basis  function  kernel:  

M
 l  (i,  j)  =  exp

 (
 −  d(x

 li  ,  x lj  )  2

2σ  2

 )

 where  M
 l  (i,  j)  represents  the  affinity  matrix  between  samples  i and  j  

for  the  l omics  type,  x
 li  and  x

 lj  are  their  respective  profiles,  d(x
 li  ,  x lj  )  

denotes  the  distance  between  them,  and  σ  is  a  normalizing  param-
 eter  that  controls  how  quickly  the  similarity  decays  with  distance.
 For  the  Euclidean  affinity  matrix,  d(x

 li  ,  x lj  )  is  the  Euclidean  distance,
 and  σ  is  defined  as  the  60  th  percentile  of  all  calculated  pairwise
 Euclidean  distances.  For  the  angular  affinity  matrix,  d(x

 li  ,  x lj  )  is  the
 

angle  in  radians  between  the  two  vectors,  scaled  by  π  ,  while  σ  is  set
 to  0.5  . 

Previous  studies  have  emphasized  the  impact  of  local  structures  in
 affinity  matrices  on  the  performance  of  similarity-based  clustering
 algorithms  [ 57,  58].  However,  focusing  on  local  connections  exclu-
 sively  can  lead  to  an  undesirable  inflation  of  the  number  of  clusters
 when  analyzing  small  datasets.  Therefore,  we  tailor  our  approach
 based  on  the  sample  size  of  each  dataset,  selecting  between  full  and
 local  affinity  matrices  accordingly.  We  employ  full  affinity  matrices
 (following  the  formula  above)  for  datasets  with  fewer  than  100  sam-
 ples  and  leverage  local  affinity  matrices  for  datasets  with  100  samples
 or  more.  Adopting  a  K-nearest  neighbor  (KNN)  approach  [ 40],  we
 generate  the  local  affinity  matrices  as  follows:  

LM
 l  (i,  j)  =  M  l  (i,  j)  ·  I  (j  ∈  η li  )∑

 r  ∈η
 li

 M
 l  (i,  r  )

 +  M  l  (i,  j)  ·  I  (i  ∈  η lj  )∑
 r  ∈η

 lj
 M

 l  (r  ,  j)

 where  LM
 l  (i,  j)  represents  the  local  affinity  matrix,  η

 li  denotes  the  set
 of  the  10  nearest  neighbors  of  sample  i ,  and  I  (j  ∈  η

 li  )  is  an  indicator
 function  equal  to  1  if  j  ∈  η

 li  ,  and  0  otherwise.
 

Next,  we  integrate  the  Euclidean  and  angular  affinity  matrices  (in
 either  full  or  local  forms)  into  an  aggregated  affinity  matrix  using
 the  AASC-Eigengap  algorithm  previously  developed  [ 24].  The  AASC-
 Eigengap  algorithm iteratively  searches  for  the  optimal  linear  combi-
 nation  of  the  two  component  affinity  matrices  to  yield  an  aggregated
 affinity  matrix  with  the  largest  eigengap.  In  practice,  this  algorithm
 may  introduce  noise  when  applied  to  large  datasets,  especially  for
 those  with  at  least  500  samples.  Therefore,  for  such  datasets,  we
 transform  the  aggregated  affinity  matrix  into  its  local  affinity  matrix,
 employing  a  neighborhood  size  of  20  for  each  sample  instead  of  10.
 

Network  partitioning  
We  integrate  the  affinity  matrices  (Euclidean,  angular,  or  aggregated)
 across  all  data  types  into  their  corresponding  consensus  matrices.  The
 consensus  Euclidean  and  angular  affinity  matrices  are  calculated  as
 follows:  

CM  (i,  j)  =  1|OT  (i,  j)|
 ∑

 l∈OT  (i,j)

 A
 l  (i,  j),  A  ∈  {M  ,  LM  }

 where  CM  (i,  j)  represents  the  consensus  affinity  matrix  (generated
 from  either  Euclidean  or  angular  affinity  matrices),  OT  (i,  j)  is  the  set
 of  omics  types  available  for  both  samples  i and  j  ,  and  |OT  (i,  j)|  is  its
 cardinality.
 

We  also  generate  a  consensus  connectivity  matrix  from  the  aggre-
 gated  affinity  matrices.  For  each  matrix,  we  select  the  number  of
 clusters via  the  eigengap  method  and  apply  spectral  clustering  to
 obtain  a  temporary  partitioning  of  patients.  We  then  transform  each
 partitioning  into  a  binary  connectivity  matrix,  in  which  1  indicates
 that  two  samples  belong  to  the  same  cluster,  and  0  indicates  otherwise.
 Subsequently,  we  apply  the  equation  above,  replacing  the  affinity
 matrices  with  the  connectivity  matrices  from  all  omics  types,  to  derive
 the  consensus  connectivity  matrix.
 

Given  the  three  consensus  matrices,  we  apply  spectral  clustering  to
 the  first  two  (the  consensus  Euclidean  and  angular  affinity  matrices)
 and  use  the  Louvain  community  detection  algorithm  to  partition  the
 third  one  (the  aggregated  affinity matrix).  Since  Louvain  is  stochastic,
 we  perform  multiple  runs  and  select  the  solution  with  the  highest
 modularity  score  [ 59].  After  clustering,  we  obtain  three  different  par-
 titionings  for  the  same  set  of  patients.  We  evaluate  each  partitioning
 using  the  Silhouette  score  [ 60]  based  on  a  distance  matrix  derived  by
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fusing  the  aggregated  affinity  matrices  of  all  omics  types,  and  subtract-
 ing  the  resulting  matrix  from  1.  Finally,  we  output  the  partitioning
 with  the  highest  Silhouette  score.
 

Results  

We  perform  a  comprehensive  analysis  of  66  cancer  datasets  (46  multi-
 omics  and  20  single-omics  datasets)  covering  28  tissues  and  over
 15  000  samples  (  Supplementary  Table  S1).  First,  we  compare  the
 performance  of  CSIE  against  12  state-of-the-art  methods  using  Cox  P -
 value  and  empirical  P -value.  Second,  we  analyze  the  usefulness  of
 the  identified  subtypes  as  an  additional  covariate  for  risk  prediction.
 Finally,  we  provide  an  in-depth  pathway  analysis  of  the  discovered
 subtypes  for  the  pan-gastrointestinal  (pan-GI)  cancer.
 

The  46  multi-omics  datasets  comprise  33  datasets  from  GDC/TCGA,
 nine  from  cBioPortal,  and  four  from  published  articles.  For  TCGA  data,
 we  download  all  12  matrices  measuring  mRNA  expression,  miRNA
 expression,  DNA  methylation,  CNV,  and  somatic  mutations  from  GDCs
 ( https://gdc.cancer.gov/),  along  with  clinical  variables  and  survival
 information.  We  also  download  their  protein  data  from  Proteomic
 Data  Commons  (  https://pdc.cancer.gov/pdc/)  and  metabolite  data  from
 Benedetti  et  al.  [ 61].  Similarly,  we  download  all  available  data  matrices
 for  the  nine  datasets  from  cBioPortal  (  https://www.cbioportal.org/).
 The  four  additional  datasets  are  from  published  articles:  P23918603
 [ 62],  P24316975  [ 63],  P30244973  [ 64],  and  P33577785  [ 65].  For  these
 datasets,  we  use  preprocessed  metabolite  levels  and  gene  expression
 data  from  Benedetti  et  al.  [ 61].  Finally,  the  20  single-omics  datasets
 containing  only  gene  expression  are  all  downloaded  from  NCBI  GEO
 ( https://www.ncbi.nlm.nih.gov/geo/).
 

Subtyping  of  66  cancer  datasets 

We  benchmark  the  performance  of  CSIE  against  twelve  state-
 of-the-art  approaches,  including  Consensus  Clustering  (CC)  [ 14],
 Cancer  Integration  via  Multikernel  Learning  (CIMLR)  [ 43],  Similarity
 Network  Fusion  (SNF)  [ 39],  Low-Rank  Approximation  based  multi-
 omics  data  Clustering  (LRACluster)  [ 30],  Integrative  Non-negative
 Matrix  Factorization  (intNMF)  [ 29],  Affinity  Network  Fusion  (ANF)
 [ 44],  NEighborhood  based  Multi-Omics  clustering  (NEMO)  [ 40],
 Multi-Reconstruction  Graph  Convolutional  Network  (MRGCN)  [ 35],
 Hierarchical  Multi-Kernel  Learning  (hMKL)  [ 45],  Multi-omics  Data
 Integration  for  Clustering  to  identify  Cancer  subtypes  (MDICC)  [ 46],
 Deep  Latent  Space  Fusion  (DLSF)  [ 36]  and  Deep  Structure  Integrative
 Representation  (DSIR)  [ 37].  For  CSIE,  we  perform  data  processing
 and  inference  as  described  in  section  Materials  and  methods.  Note
 that  we  do  not  perform  imputation  on  any  multi-omics  datasets.
 We  perform  data  inference  strictly  on  single-omics  datasets  (mRNA
 datasets)  to  impute  miRNA  and  methylation  data  from  mRNA  data.
 For  other  methods,  we  select  the  top  8000  highly  variable  features
 from  each  data  matrix  and  apply  the  processing  procedure  suggested
 by  each  method.  The  feature  size  of  8000  is  chosen  to  align  with
 CSIE’s  post-processing  data  dimensionality,  ensuring  a  fair  assessment
 (see  Supplementary  Fig.  S3  for  the  impact  of  gene  filtering). We
 execute  each  method  using  their  default  parameters.  All  methods
 can  automatically  determine  the  number  of  subtypes.
 

We  use  three  pre-defined  metrics  to  quantify  the  performance  of
 the  competing  methods. First,  we  utilize  the  Cox  proportional  haz-
 ards  (PH)  model  [ 66]  to  assess  the  statistical  significance  in  survival
 differences  across  the  identified  subtypes  (where  smaller  P -values
 

indicate  better  performance).  Second,  we  also  assess  the  statistical
 significance  of these  survival  differences  using  an  empirical  P -value
 method  that  mitigates  potential  bias  associated  with  the  number  of
 subtypes  (  Supplementary  Fig.  S4).  Third,  we  calculate  the  Concor-
 dance  Index  (C-Index)  [ 67]  to  evaluate  whether  incorporating  the
 clustering  information  improves  the  discrimination  power  of  survival
 prediction  (where  higher  C-Indices  indicate  better  performance).  We
 also  perform  the  Schoenfeld  residual  test  [ 68]  of  the  PH  assumption
 ( Supplementary  Fig.  S5).  With  the  exception  of  DSIR,  the  remaining
 12  methods  satisfy  the  assumption  across  the  vast  majority  of  the  66
 datasets. 

Table  1  presents  the  Cox  P -values,  which  are  computed  using  the
 survival  package  (  https://cran.r-  project.org/web/packages/survival/).
 NA  entries  in  the  table  indicate  analysis  failures.  Only  CSIE,  NEMO,  and
 MRGCN  are  able  to  perform  subtyping  for  all  datasets.  CSIE,  NEMO,
 and  MRGCN  are  capable  of handling  missing  data  across  data  types,
 which  allows  them  to  analyze  all  available  samples  for  each  dataset.
 In  contrast,  the  remaining  methods  require  completely  matched
 samples  among  data  types,  restricting  their  analysis  to  sample
 intersection.  These  methods  crash  when  analyzing  TCGA-Breast
 Invasive  Carcinoma  (BRCA),  TCGA-Colon  Adenocarcinoma  (COAD),
 TCGA-Ovarian  Serous  Cystadenocarcinoma  (OV),  difg-glass,  luad-
 oncosg-2020,  rectal-msk-2022,  sclc-ucologne-2015,  and  GSE13041
 datasets.  Overall,  CSIE  outperforms  all  competitors  in  identifying
 subtypes  with  significantly  different  survival  profiles  in  most  datasets
 (48  out  of  66).  The  next  best  methods  are  NEMO,  hMKL,  SNF  and
 ANF,  with  significant  Cox  P -values  in  31,  21,  20,  and  20  datasets,
 respectively.  All  remaining  methods  yield  significant  P -values  in  less
 than  20  datasets. 

Figure  2  shows the  − log10  P -values  of  both  the  Cox  and  the  empir-
 ical  P -values  of  all  13  methods  across  66  cancer  datasets. The  dis-
 tribution  of  the  − log10  Cox  P -values  of  CSIE  has  a  median  value  of
 1.76,  which  is  substantially  higher  than  those  of  all  other  methods.
 The  second  best  method,  NEMO,  has  a  median  of  1.13,  a  value  that
 falls  below  the  commonly  used  5%  significance  threshold  (  − log10
 of  0.05  is  ∼ 1.3).  Similarly,  the  − log10  empirical  P -value  of  CSIE  has
 a  median  of  1.54.  This  considerably  exceeds  that  of  the  second  best
 method,  NEMO,  with  a  median  of  0.88.  Overall,  CSIE  achieves  the
 highest  number  of  statistically  significant  results:  48  datasets  based
 on  the  Cox  P -value  and  42  datasets  based  on  the  empirical  P -value.
 Detailed  empirical  P -values  for  each  method  and  each  dataset  can  be
 found  in  Supplementary  Table  S2.
 

To  gain  further  insights,  we  separately  assess  the  methods  on  multi-
 omics  and  single-omics  datasets.  As  shown  in  Fig.  3  for  the  46  multi-
 omics  datasets,  the  − log10  P -values  of  CSIE  exhibits  a  median  value
 of  1.93,  which  is  substantially  higher  than  all  competitors.  Similarly,
 the  − log10  empirical  P -value  median  for  CSIE  is  1.74,  considerably
 exceeding  those of  comparison  methods.  CSIE  also  yields  the  highest
 number  of  datasets  with  significant  P -values:  34  by  Cox  P -value  and  32
 by  empirical  P -value.  Additionally,  CSIE  maintains  strong  performance
 across  the  20  single-omics  datasets,  as  shown  in  Fig.  4.  We  include  the
 results  for  all  methods  in  both  scenarios:  (i)  using  the  combination  of
 the  original  and  imputed  data,  and  (ii)  using  only  the  original  mRNA
 data.  When  incorporating  the  imputed  data,  the  number  of  datasets
 with  significant  Cox  P -values  increases  for  10  out  of  13  methods  (CSIE,
 CC,  SNF,  LRACluster,  intNMF,  ANF,  hMKL,  MDICC,  DLSF,  and  DSIR).  Sim-
 ilarly,  the  number  of  datasets  with  significant  empirical  P -values  also
 increases  for  8  out  of  13  methods  (CSIE,  CC,  SNF,  LRACluster,  intNMF,
 ANF,  DLSF,  and  DSIR).  CSIE  with  the  imputed  data  outperforms  existing
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Figure  2  Distribution  of  Cox  P  -values  and  empirical  P  -values  (in  minus  log10)  for  subtypes  identified  by  13  methods  across  all  66  cancer  datasets,  where
 the  number  on  top  of  each  box  represents  the  total  number  of  datasets  with  significant  P  -values,  the  dashed  horizontal  line  denotes  the  statistical
 significance  threshold  corresponding  to  5%,  and  CSIE  has  the  highest  median  values  of  1.76 and  1.54  for  Cox  and  empirical  P  -values,  respectively. 

methods,  achieving  the  highest  number  of  significant  datasets  and
 the  highest  median  − log10  Cox  and  empirical  P -values.  This  robust
 performance  validates  the  dual  contribution  of  the  CSIE  framework:
 the  efficacy  of  the  data  inference  module  and  the  superiority  of  the
 subtyping  algorithm.
 

Among  the  13  subtyping  methods  under  evaluation,  only  CSIE,
 NEMO,  and  MRGCN  can  handle  missing  data.  The  remaining  10  meth-
 ods  lack  this  functionality,  which  restricts  the  above  analysis  to  sample
 intersection  for  them.  To  evaluate  their  performance  on  complete  sam-
 ple  sets,  we  conduct  an  additional  analysis  where  missing  values  (NAs)
 are  replaced  with  zeros  for  these  10  methods.  This  enables  subtyping
 on  the  union  of  samples  within  each  dataset.  Supplementary  Fig.  S1
shows  that  six  methods  (CC,  CIMLR,  SNF,  intNMF,  MDICC,  and  DLSF)

 have  more  datasets  with  significant  P -values  when  using  the  sample
 union.  However,  these  methods  remain  inferior  to  NEMO  and  are
 substantially  outperformed  by  CSIE.
 

To  perform  a  more  comprehensive  analysis,  we  also  calculate  the
 FDR-corrected  P -values  [ 69]  ( Supplementary  Table  S6)  and  hazard
 ratios  (  Supplementary  Table  S7)  for  each  method  across  66  datasets.
 CSIE  remains  the  top  method,  achieving  significant  FDR-corrected  P -
 values  in  34  (Cox)  and  32  (empirical)  datasets,  compared  to  22  and
 16  for  NEMO,  the  second-best  method.  Similarly,  CSIE  has  the  highest
 number  of  datasets  with  high  hazard  ratios  (HR  >  2  ).  Figure  5  shows
 both  statistics  (FDR-corrected  P -values  and  hazard  ratios)  in  log  scale.
 CSIE  outperforms  all  other  methods  by  a  large  margin,  having  the
 highest  number  of  datasets  that  are  both  significant  and  have  high
 hazard  ratios  (log2  HR  >  1  ).  Specifically,  CSIE  achieves  33  such  datasets
 compared  to  20  for  NEMO,  the  second-best  method.  The  performance
 gap  between  the  two  top  methods  using  hazard  ratios  and  corrected
 Cox  P -values  (an  increase  from  20  to  33,  or  65%)  is  even  higher  than
 the  gap  when  using  nominal  Cox  P -values  (an  increase  from  31  to
 48,  or  54%).  We  also  conduct  the  same  analysis  using  median  HRs
 ( Supplementary  Fig.  S6).  The  conclusion  remains  consistent  but  the
 gap  in  performance  is  even  larger  where  CSIE  outperforms  NEMO  by
 80%  (15  to  27).
 

Next,  we  evaluate  the  usefulness  of  CSIE-derived  subtypes  for  risk
 prediction.  Specifically,  we  examine  the  performance  of  a  risk  pre-
 diction  method  under  two  different  scenarios:  (i)  using  only  clinical
 variables  (age,  height,  gender,  etc.)  as  predictors,  and  (ii)  incorporating
 the  subtype  assignment  of  each  subtyping  method  as  an  additional
 covariate.  For  each  dataset,  we  perform  5-fold  cross-validation  and
 measure  the  C-Index  on  the  validation  sets.  At  each  iteration,  we
 perform  subtyping  within  the  training  set  and  then  we  select  the  top
 2000  features  for  each  omics  type  based  on  the  ANOVA’s  F-statistic
 [ 70].  Given  a  testing  sample,  we  assign  the  clustering  label  using  KNN
 and  cosine  distance.  A  blockForest  model  [ 71]  was  used  to  predict
 risk  scores  using  clinical  variables  and  the  assigned  subtype  labels.
 As  shown  in  Fig.  6,  CSIE  achieves  the  highest  mean  C-Index  value  of
 0.663,  compared  to  0.65  obtained  by  NEMO  and  MRGCN,  the  second-
 best  methods.  Detailed  C-Index  for  each  method  and  dataset  can  be
 found  in  Supplementary  Table  S3.
 

In  all  of  the  above  analyses,  we  use  the  overall  survival  as  the
 ground  truth  to  benchmark  the  performance  of  the  13  subtyping
 methods.  To  understand  whether  CSIE  can  achieve  equally  good
 results  for  tumor  metastasis  and  recurrence,  we  conduct  addi-
 tional  analyses  using  37  cancer  datasets  containing  recurrence
 information  and  27  datasets  containing  metastasis  information
 ( Supplementary  Table  S1).  For  the  recurrence  analysis,  we  define
 disease-free  survival  (DFS)  as  the  time  from  study  entry  until
 recurrence.  Similarly,  metastasis-free  survival  (MFS)  is  defined  as
 the  time  from  study  entry  until  the  observation  of  metastasis.  We
 evaluate  the  subtyping  methods  using  Cox  P -value  and  empirical  P -
 value  calculated  using  DFS  and  MFS.  In  all  analyses,  CSIE  outperforms
 all  other  12  methods,  yielding  more  significant  Cox  and  empirical
 P -values  (  Supplementary  Section  3).
 

We  analyze  the  37  datasets  with  recurrence  information  (33
 multi-omics  and  4  single-omics),  covering  25  tissues  and  over  11
 000  samples.  Supplementary  Fig.  S7  shows  the  Cox  and  empirical
 P -values  (  − log10  scale)  for  all  13  methods.  The  − log10  Cox  P -values
 for  CSIE  exhibit  a  median  of  1.35,  substantially  higher  than  that  of  the
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Figure  3  Distribution  of  Cox  P  -values  and  empirical  P  -values  (in  minus  log10)  for  subtypes  identified  by  each  method  across  46  multi-omics  cancer
 datasets,  where  the  number  on  top  of  each  box  represents  the  total  number  of  datasets  with  significant  P  -values,  the  dashed  horizontal  line  denotes
 the  statistical  significance  threshold  corresponding  to  5%,  and  CSIE  has  the  highest  median  values  of  1.93 and  1.74 (for  Cox  and  empirical  P  -values,
 respectively). 

Figure  4  Cox  and  empirical  P  -values  ( − log10  scale)  for  subtypes  identified  by  13  methods  across  20  single-omics  datasets  with  and  without  data
 inference,  where  incorporating  the  imputed  miRNA  and  DNA  methylation  data  increases  the  number  of  datasets  with  significant  Cox  P  -values  and
 empirical  P  -values  for  most  of  the  methods,  and  CSIE  with  the  imputed  data  achieves  the  highest  number  of  significant  datasets  and  the  highest
 median  − log10  Cox  and  empirical  P  -values. 

second-best  method,  NEMO,  which  has  a  median  of  0.69.  Similarly,
 the  median  − log10  empirical  P -value  for  CSIE  is  1.25,  exceeding  the
 result  of  the  second-best  method,  intNMF,  which  has  a  median  of  0.64.
 CSIE  also  achieves  the  highest  number  of  datasets  with  significant
 Cox  and  empirical  P -values  (19  and  15,  respectively).  CC  has  the
 second-highest  number  for  Cox  P -values  (9),  while  NEMO  and  MRGCN
 have  the  second-highest  for  empirical  P -values  (7).  The  P -values  for
 each  dataset  and  method  are  provided  in  Supplementary  Table  S8.
 

Similarly,  we  analyze  the  27  datasets  with  metastasis  information
 (26  multi-omics  and  one  single-omics),  covering  21  tissues  and  over
 

8000  samples.  Supplementary  Fig.  S8  shows  the  Cox  and  empirical
 P -values  (  − log10  scale)  for  all  13  methods  across  these  datasets.  The
 median  − log10  Cox  and  empirical  P -values  for  CSIE  are  1.60  and
 1.55,  respectively,  substantially  higher  than  those  of  any  comparison
 method.  The  second-best  method,  NEMO,  obtains  median  − log10  Cox
 and  empirical  P -values  of  1.06  and  0.87,  respectively.  Additionally,
 CSIE  achieves  the  highest  number  of  statistically  significant  results,
 with  15  datasets  reaching  significance  for  both  metrics.  NEMO  has  the
 second-highest  number  for  both  Cox  (11)  and  empirical  P -values  (12).
 The  detailed  results  can  be  found  in  Supplementary  Table  S9.
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Figure  5  Performance  assessment  of  13  subtyping  methods  across  66  datasets  using  FDR-corrected  Cox  P  -values  and  maximum  hazard  ratios,  where
 the  x-axis  represents  the  hazard  ratio  (log2  scale)  between  the  most  aggressive  and  most  benign  subtypes,  the  y-axis  represents  the  FDR-corrected
 Cox  P  -values  ( − log10  scale),  and  CSIE  has  the  highest  number  of  datasets  (33)  that  satisfy  both  statistical  significance  (FDR-corrected  P  -value  <  .05  )  and
 high  hazard  ratio  (log2  HR  >  1  ). 

Case  study  of  gastrointestinal  cancer  (pan-GI) 

We  perform  an  in-depth  analysis  of  the  pan-GI  cancer  dataset,  which
 is  compiled  by  merging  four  TCGA  cohorts:  COAD,  Liver  Hepato-
 cellular  Carcinoma  (LIHC),  Pancreatic  Adenocarcinoma  (PAAD),  and
 Rectum  Adenocarcinoma  (READ).  To  uncover  the  molecular  mecha-
 nisms  underlying  patient  survival,  we  perform  molecular  subtyping
 using  multi-omics  data  and  CSIE,  without  incorporating  any  clini-
 cal  variables  or  original  cancer  labels. This  analysis  identifies  seven
 

subtypes  (  Fig.  7).  Subtype  1  has  293  patients:  206  COAD  (70.3%),  83
 READ  (28.3%),  and  4  PAAD  (1.4%)  patients.  Subtype  2  encompasses  221
 patients:  152  (68.8%)  from  COAD,  and  69  (31.2%)  from  READ.  Subtype
 3  includes  99  patients:  88  (88.9%)  from  COAD,  and  11  (11.1%)  from
 READ.  Subtype  4  encompasses  230  patients:  229  (99.6%)  from  LIHC,
 and  1  (0.4%)  from  READ.  Subtype  5  contains  139  patients:  138  (99.3%)
 from  LIHC,  and  1  (0.7%)  from  PAAD.  Subtype  6  has  63  patients:  61
 (96.8%)  from  PAAD,  and  2  (3.2%)  from  LIHC.  Finally,  subtype  7  has
 122  samples:  117  PAAD  (95.9%),  3  READ  (2.5%),  and  2  COAD  (1.6%).
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Figure  6  Evaluation  of  prediction  models  incorporating  subtype  labels  identified  by  the  13  subtyping  methods  across  all  cancer  datasets  with  clinical
 data,  where  we  adopt  a  nested  cross-validation  strategy  in  which  subtype  labels  are  learned  exclusively  from  the  training  set  and  then  assigned  to
 samples  in  the  validation  set  using  a  KNN  and  cosine  distance,  followed  by  training  a  blockForest  model  on  either  clinical  variables  alone  (baseline)  or
 clinical  variables  combined  with  subtype  labels  from  each  method,  and  performance  evaluation  on  the  validation  set  using  the  C-Index. 

Figure  7  Kaplan–Meier  survival  analysis  of  subtypes  identified  by  CSIE
 for  the  pan-GI  dataset  (TCGA-GI),  where  the  horizontal  axis  represents
 the  days  passed  after  entry  into  the  study  and  the  vertical  axis  represents
 the  estimated  survival  probability. 

Essentially,  CSIE  effectively  separates  pan-GI  patients  based  on
 their  molecular  patterns.  The  seven  subtypes,  each  with  a  mixture  of
 different  cancer  types  (COAD,  LIHC,  PAAD,  and  READ),  exhibit
 profoundly  different  survival  profiles  with  a  highly significant  Cox
 P -value  of  4  ×  10  −24

 .  Interestingly,  subtype  7,  which  shows  the  lowest
 survival,  consists  predominantly  of  PAAD,  the deadliest  malignancy
 within  the  gastrointestinal  tract,  with  the  five-year  survival  rate  of
 only  13%,  compared  to  64%  of  colorectal  cancer  and  22%  of  liver
 cancer  [ 72].
 

To  investigate  the  mechanisms  underlying  the  survival  outcomes  of
 pan-GI  patients,  we  compare  the  lowest-survival  subtype  (subtype  7)
 against  all  other  subtypes  using  our  previously  developed  consensus
 pathway  analysis  (CPA)  [ 73– 75].  Briefly,  CPA  performs  differential
 

analysis  to  identify  the  differentially  expressed  (DE)  genes  and  then
 performs  consensus  analysis  of  four  pathway  analysis  methods,  ORA
 [ 76],  GSA  [ 77],  FGSEA  [ 78],  and  PADOG  [ 79].  CPA  outputs  the  list  of  DE
 genes,  and  the  list  of  KEGG  pathways  that  are  identified  as  significantly
 impacted  across  all  four  pathway  methods.
 

Our  analysis  identifies  2535  genes  that  have  adjusted  P -values
 smaller  than  1%  and  absolute  log2  fold-changes  larger  than  1
 ( Supplementary  Table  S4).  Among  these,  89%  (2266  genes)  are  up-
 regulated.  Seven  of  the  top  10  DE  genes,  INS,  GCG,  PRSS1,  CPA1,
 PRSS2,  PNLIP,  and  CPB1,  are  well-known  for  their  encoding  pancreatic
 exocrine  enzymes  and  endocrine  hormones,  which  are  frequently
 affected  during  pancreatic  cancer  development  [ 80,  81].  Previous
 studies  have  uncovered  somatic  mutations  of  PRSS1,  CPA1,  and
 CPB1  in  patients  with  pancreatic  cancer  and  chronic  pancreatitis
 as  well  as  the  contribution  of  INS  and  GCG  dysregulation  to
 metabolic  derangements  in  pancreatic  cancer  [ 82– 84].  The  remaining
 three  genes,  CLDN18,  CTSE,  and  MUC5AC,  are  associated  with  the
 development  of  aggressive  colorectal  cancer  subtypes.  For  instance,
 CLDN18  functions  as  a  tumor  promoter  in  colorectal  cancer,  and  its
 overexpression  is  an  indicator  of  lymph  node  metastasis  [ 85,  86].
 Similarly,  overexpression  of  MUC5AC  and  CTSE  has  been  linked  to
 chemotherapy  resistance  in  colorectal  cancer  patients  [ 87,  88].
 

Figure  8  presents  the  pathway  analysis  results,  with  the  hori-
 zontal  axis  displaying  the  enrichment  scores  and  the  vertical  axis
 representing  the  − log10  adjusted  P -values.  Supplementary  Table  S5
provides  the  complete  statistics  for  each  pathway.  Our  analysis

 identifies  19  pathways  with  adjusted  P -values  smaller  than  5%.
 Notably,  all  of  these  pathways  are  found  to  be  upregulated.  Among
 these,  there  are  four  pathways  that  have  adjusted  P -values  less  than
 1%:  the  Ras  signaling  pathway,  Rap1  signaling  pathway,  MAPK  signaling

 pathway  and  Leukocyte  transendothelial  migration  with  adjusted  P -
 values  of  2.5  ×  10  −3

 ,  4.5  ×  10  −3
 ,  4.6  ×  10  −3

 and  9.9  ×  10  −3
 ,  respectively.

 

The  Ras  signaling  pathway  and  MAPK  signaling  pathway  govern
 fundamental  cellular  processes  such  as  cell  proliferation,  differentia-
 tion,  survival,  and  metabolic  homeostasis  through  tightly  controlled
 activation-inactivation  cycles  [ 89].  However,  these  two  pathways
 are  frequently  hijacked  by  oncogenic  alterations  in  pancreatic  and
 colorectal  cancers,  with KRAS  mutations  being  the  most  prominent
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Figure  8  Pathway  volcano  plot  for  the  CPA  of  the  TCGA-GI  gene  expression  dataset,  where  the  x-axis  shows  the  normalized  enrichment  score  and
 the  y-axis  shows  the  minus  log10  of  FDR-adjusted  P  -value  (pFDR),  each  point  on  the  figure  represents  a  pathway  or  gene  set,  the  size  of  a  point  is
 proportional  to  the  number  of  genes  in  the  corresponding  gene  set  and  the  color  of  each  point  is  determined  by  the  normalized  enrichment  score. 

[ 90,  91].  These  mutations  constitutively activate  the  KRAS  protein
 in  its  GTP-bound  state,  leading  to  persistent  downstream  signaling
 that  promotes  uncontrolled  proliferation,  resistance  to  apoptosis,
 angiogenesis,  and  metabolic  reprogramming  necessary  for  cancer
 cell  survival  [ 92,  93].  The  concurrent  enrichment  of  both  the  Ras

 and  MAPK  signaling  pathways  strongly  suggests  a  coordinated
 transcriptional  dysregulation  that  further  compromises  the  survival
 of  patients  in  the  studied  group.
 

The  Rap1  signaling  pathway  is  an  important  cascade  that plays
 critical  roles  in  cell  adhesion,  junction  formation,  and  integrin-
 mediated  cell-matrix  interactions  [ 94].  Its  aberrant  signaling  can
 promote  Epithelial-Mesenchymal  Transition,  enhance  cell  migra-
 tion  and  invasion,  and  facilitate  metastatic  dissemination,  which
 collectively  results  in  cancer  progression and  poorer  prognosis
 [ 95].  Meanwhile,  the  leukocyte  transendothelial  migration  pathway

 governs  the  extravasation  of  immune  cells  from  the  bloodstream
 into  tissues  and  tumors,  involving  complex  interactions  between
 leukocyte  integrins,  endothelial  adhesion  molecules,  and  chemokine
 gradients  [ 96].  Dysregulation  of  this  pathway  may  reflect  alterations  in
 immune  cell  infiltration  patterns  which  contribute  to  immune  evasion
 or  indicate  an  immunosuppressive  tumor  microenvironment  [ 97].
 Alternatively,  it  may  indicate  increased  inflammatory  signaling  or
 the  aberrant  expression  of  adhesion  molecules  caused  by  tumor  cells
 

themselves,  facilitating  their  own  transendothelial  migration  during
 metastatic  spread  [ 98].
 

Figure  9  demonstrates  the  strongly  connected  network  of  signif-
 icant  pathways,  in  which  a  connection  between  two  pathways  is
 established  if  they  share  at  least  10  genes.  This highly  interconnected
 and  upregulated  network  illustrates  a  prognostic  signaling  landscape
 for  pan-GI  cancer,  characterized  by  aggressive  disease  progression
 and  reduced  patient  survival.  The  underlying  mechanism  involves
 tightly  coordinated  modules  driving  invasion,  chemoresistance,  and
 the  formation  of  a  hostile  tumor  microenvironment. 

The  cluster  of  pathways  of  ECM-receptor  interaction,  Focal  adhe-

 sion,  and  Regulation  of  actin  cytoskeleton  naturally  forms  an  inte-
 grated  mechanosensory  network  that  enables  cells  to  detect,  adhere
 to,  and  remodel  their  extracellular  environment  while  coordinating
 their  internal  cytoskeletal  dynamics  for  shape  changes  and  migration
 [ 99].  High  enrichment  of  this  cluster  in  GI  cancer  signals a  high-risk
 phenotype,  in  which  cancer  cells  exploit  the  strong  interconnections
 among  the  three  pathways  to  extensively  and  continually  reshape
 both  their  external  matrix  and  internal  structures  to  facilitate  migra-
 tion,  invasion,  and  metastatic  dissemination  [ 100].  Additionally,  these
 migration-invasion  pathways  are  directly  linked  to  two  core  signaling
 hubs  that  are  important  for  cell  proliferation  and  survival: PI3K-Akt

 and  MAPK  signaling  pathways  [ 101].  This  structural-to-survival  axis
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Figure  9  Pathway  network  of  the  significant  pathways  in  the  TCGA-GI
 dataset  based  on  the  consensus  analysis,  where  each  node  represents  a
 biological  pathway,  with  node  size  proportional  to  the  number  of  genes  it
 contains,  edge  width  indicates  the  number  of  shared  genes  for  each  pair
 of  two  pathways,  and  the  color  intensity  within  each  node  represents  the
 enrichment  score  from  the  consensus  result  (as  shown  in  the  color  bar). 

coupling  means  that  the  functional  output  of  the  migration  machinery
 is  immediately  translated  and  amplified  by  the  two  signalings.  In
 GI  cancer,  the  coordinated  hyperactivation  of  these  interconnected
 modules,  often  resulted  from  mutations  in  upstream  regulators  such
 as  RAS  or  PIK3CA,  confers  a  powerful  survival  advantage  for  can-
 cer  cells  [ 102].  This  mechanism  directly  drives  chemoresistance  and
 prevents  apoptosis  that  would  normally  be  triggered  by  standard
 chemotherapies  [ 103,  104].
 

Furthermore,  Fig.  9  reveals  critical  modules  that  shape  the  local
 tumor  environment  and  contribute  to  overall  poor  prognosis.  The
 presence  of  AGE-RAGE  signaling  connects  the  patient’s  underlying
 metabolic  status  (such  as  diabetes  or  obesity)  directly  to  tumor  aggres-
 sion,  establishing  a  chronic  inflammatory  state  [ 105].  Concurrently,
 the  cluster  encompassing  the  cardiomyopathy  nodes  (Hypertrophic,
 Dilated,  etc.)  represents  a  shared  genetic  signature  for  severe  tis-
 sue  remodeling  and  desmoplasia  common  to  many  aggressive  solid
 tumors  [ 106,  107].
 

These  findings  suggest  potential  therapeutic  treatments  focusing  on
 the  migration-invasion  cluster  and  the  signaling  hubs.  The  former  can
 be  targeted  through  several  mechanisms:  integrin  inhibitors  that  dis-
 rupt  ECM-cell  adhesion  [ 108],  FAK  inhibitors  that  block  focal  adhesion
 signaling  [ 109],  and  Rho/ROCK  pathway  inhibitors that  interfere  with
 cytoskeletal  remodeling  and  cell  motility  [ 110].  The  latter  is  already
 addressed  by  current  FDA-approved  targeted  therapies  for  GI  cancers.
 Key  agents  include  inhibitors for  KIT/PDGFRA  in  gastrointestinal  stro-
 mal  tumors  such  as  Imatinib,  Trastuzumab  for  HER2  in  gastric  cancers
 [ 111],  and  Ramucirumab  for  VEGFR2  in  gastric  and  colorectal  cancers
 [ 112,  113].  Beyond  these  established  targets,  CLDN18  has  emerged
 as  an  important  opportunity  in  gastrointestinal  malignancies.  Zolbe-
 tuximab,  a  monoclonal  antibody  targeting  CLDN18.2,  has  recently
 demonstrated  significant  survival benefits  in  gastroesophageal  junc-
 tion  adenocarcinomas  [ 114].
 

Conclusion  

We  present  CSIE,  a  robust  framework  for  cancer  subtyping  that  inte-
 grates  cross-modal  data  inference  with  ensemble  clustering.  CSIE
 represents  a  significant  departure  from  conventional  methods  as  it
 is  the  first  framework  to  explicitly  generate  miRNA  and  DNA  methy-
 lation  profiles  from  gene  expression  data  to  enhance  subtype  dis-
 covery.  Unlike  existing  Transformer-based  models  [ 115– 117],  CSIE
 bridges  the  gap  between  deep  learning  and  biology  by  incorporating
 systems-level  information  via  a  gene-pathway  MLP  and  a  pathway
 consistency  loss  function.  Furthermore,  CSIE’s  unique  bidirectional
 training  strategy  optimizes  translation  directions  within  a  unified
 framework,  thereby  enhancing  model  robustness.  Finally,  CSIE  fea-
 tures  an  ensemble  clustering  module  that  employs  a  rigorous  and
 interpretable  integration  pipeline  for  diverse  omics  types.
 

We  benchmark  CSIE  against  12  state-of-the-art  methods  (CC,  CIMLR,
 SNF,  LRACluster,  intNMF,  ANF,  NEMO,  MRGCN,  hMKL,  MDICC,  DLSF,
 and  DSIR)  across  66  cancer  datasets using  three  evaluation  metrics
 (Cox  P -values,  empirical  P -values,  and  C-Index).  CSIE  consistently  out-
 performs  existing  subtyping  approaches,  achieving  more  significant
 P -values  and  higher  C-Indices.  Through  a  systematic  ablation  study,
 we  demonstrate  the  utility  of  both  the  cross-omics  inference  module
 and  the  subtyping  algorithm.  When  incorporating  the  imputed  data,
 the  number  of  datasets  with  significant  Cox  P -values  increases  for  the
 vast  majority  of  methods.  Furthermore,  CSIE  with  the  imputed  data
 outperforms  all  comparison  methods.  These  results  validate  the  dual
 contribution  of  the  CSIE  framework:  the  efficacy  of  the  data  inference
 module  and  the  superiority  of  the  subtyping  algorithm.  Additionally,
 a  detailed  pathway  analysis  of  the  pan-GI  cancer  data  demonstrates
 CSIE’s  ability  to  recover  known  oncogenic  processes  and  uncover
 potential  therapeutic  targets  in  aggressive  disease  subtypes.
 

Key  Points 

• Cancer  subtyping  via  inference  and  ensemble  (CSIE)  adopts  a

 transformer-based  data  inference  module  to  impute  missing  omics

 types. 

• The  method  leverages  ensemble  clustering  to  identify  meaningful

 disease  subtypes. 

• The  paper  presents  performance  results  comparing  CSIE  with  12

 state-of-the-art  methods  on  66  cancer  datasets. 

• The  paper  presents  a  case  study  of  pan-gastrointestinal  cancer.  
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 in  Supplementary  Table  S1.  33  datasets  from  GDC  (  https://gdc.cancer.
gov/)  and  PDC  (  https://pdc.cancer.gov/pdc/)  can  be  accessed  using

 these  project  IDs:  TCGA-ACC,  TCGA-BLCA,  TCGA-BRCA,  TCGA-CESC,
 TCGA-CHOL,  TCGA-COAD,  TCGA-DLBC,  TCGA-ESCA,  TCGA-GBM,  TCGA-
 HNSC,  TCGA-KICH,  TCGA-KIRC,  TCGA-KIRP,  TCGA-LAML,  TCGA-LGG,
 TCGA-LIHC,  TCGA-LUAD,  TCGA-LUSC,  TCGA-MESO,  TCGA-OV,  TCGA-
 PAAD,  TCGA-PCPG,  TCGA-PRAD,  TCGA-READ,  TCGA-SARC,  TCGA-SKCM,
 TCGA-STAD,  TCGA-TGCT,  TCGA-THCA,  TCGA-THYM,  TCGA-UCEC,  TCGA-
 UCS,  TCGA-UVM.
 

Nine  datasets  from  cBioPortal  (  https://www.cbioportal.org/)  are
 public  with  these  IDs:  sclc_ucologne_2015,  rectal_msk_2022,  coad_
 silu_2022,  difg_glass_2019,  luad_cptac_gdc,  luad_oncosg_2020,  ohnca_
 cptac_gdc,  rcc_cptac_gdc,  difg_glass.
 

20  datasets  from  NCBI  GEO  (  https://www.ncbi.nlm.nih.gov/geo/)
 can  be  accessed  using  these  accession  IDs:  GSE103479,  GSE13041,
 GSE1456,  GSE150615,  GSE17536,  GSE17537,  GSE20685,  GSE21501,
 GSE42669,  GSE4412,  GSE57495,  GSE61335,  GSE62452,  GSE71729,
 GSE72951,  GSE74187,  GSE78229,  GSE85916,  GSE87211.  Note  that  we
 split  GSE150615  into  two  datasets:  GSE150615_1  and  GSE150615_2  in
 our  analysis.
 

Four  additional  datasets  are  from  published  articles:  P23918603
 (PMID:  23918603),  P24316975  (PMID:  24316975),  P30244973  (PMID:
 30244973),  and  P33577785  (PMID:  33577785).
 

Processed  data  and  download  instructions,  as  well  as  source  code
 of  CSIE  and  scripts  for  regenerating  results reported  in  this  article  are
 available  at  https://github.com/tinnlab/CSIE.
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