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Abstract  
It  is  important  to  predict  cell-type-specific  drug  responses within  the  heterogeneous tumors  for  precision  medicine.  The  single-cell  RNA

 sequencing  (scRNA-seq)  technique  together  with  drug  responses  data  provides  opportunities  for  this  mission.  The  previous  methods

 were  mainly  evaluated  in  datasets  derived  from  cancer  cell  lines,  lacking  direct  validations  on  the  real  tumors  derived  from  mouse

 models  and  clinical  human  samples.  In  this  work,  we  integrated  the  labeled  scRNA-seq,  bulk  RNA,  and  drug  response  data  to  develop  the

 computational  tool  scTumorDrug  to  predict  cell-type-specific  drug  responses  for  heterogeneous  tumors.  Overall,  scTumorDrug  achieved

 accurate  predictions  in  public  datasets  derived  from  cell  lines,  mouse  models,  and  clinical  human  samples,  and  outperformed  previous

 methods  in  the  selected  datasets.  Since  there is  no  available  experimental  validation  on  drug  responses  from  tumor  subpopulations,

 we  established  the  mouse  bladder  tumor  model  to  investigate  the  cell-type-specific  drug  responses  for  the  small  molecule  JQ1  by

 performing  single  nucleus  RNA  sequencing  and  spatial  transcriptomics.  The  mouse  model  showed  that  the  JQ1  treatment delayed  the

 tumor  progression  though  it  did  not  completely  eliminate  the  bladder  tumors.  The  scTumorDrug  found that  the  Mki67+  urothelial

 subpopulation  was  sensitive  to  JQ1,  which  was  cross-validated  by  spatial  transcriptomics.  This  observation  also  provided  an  explanation  for

 JQ1  efficacy.  To  summarize,  the  scTumorDrug  can  be  used  in  broad  application  scenarios  and  we  provided  cell-type-specific  drug  response

 prediction  and  validation.
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Introduction 

Tumor  heterogeneity  plays  key  roles  in  tumor  evolution  and  treatment

 resistance,  in  which  distinct  cell  subpopulations  may  respond  differ-

 ently  to  drugs  [ 1– 3].  Thus,  it  is  important  to  utilize  advanced  technolo-

 gies  to  develop  precision  treatment  strategies  for  patients.  The  single-

 cell  RNA  sequencing  (scRNA-seq)  technique  can  reveal  heterogeneous

 gene  expression  across  cancer  subpopulations  under  specific  drug

 treatments  [ 4].  However,  existing  drug  response  prediction  methods

 developed  for  bulk  data  are  difficult  to  apply  directly  to  large-scale

 and  highly complex  single-cell  data  [ 5– 9].  Therefore,  there  is  an  urgent

 need  to  develop  computational  methods  for  inferring  cancer  drug

 responses  at  the  single-cell  level.
 

Currently,  studies  leveraging  large-scale  drug  sensitivity screening

 databases  have  accumulated  extensive  bulk  RNA-seq  data  and  drug

 response  information  from  cancer  cell lines  (CCLs),  enabling  the  devel-

 opment  of  various  drug  response  prediction  models.  For  instance,  the

 Precily  model  can  predict  drug  responses  from  bulk  data  but  cannot

 be  directly  applied  to  single-cell  data  [ 9].  Recently,  several  studies

 integrated  drug-related  bulk  data  with  scRNA-seq  data  to  predict
 

drug  responses  in  scRNA-seq.  For  example,  SCAD  and  scDEAL  employ

 adversarial  domain  adaptation  and  transfer  learning,  respectively,  to

 learn  drug  response  patterns  from  bulk  RNA-seq  and  transfer  them  to

 scRNA-seq  data  [ 10,  11].  Beyondcell  calculates  drug  sensitivity  scores

 for  individual  cells  based  on  drug  signature  enrichment  analysis,

 thereby  identifying  therapeutically  distinct  cell  clusters  [ 12].  scPDS

 uses  a  transformer-based  deep  learning  model  to  predict  single-cell

 drug  sensitivity  by  converting  gene  expression  into  pathway  activity

 scores  [ 13].  scIDUC  integrates  large-scale  cell  line  and  single-cell  tran-

 scriptomic  data  via  canonical  correlation  analysis  (CCA)  and  applies  a

 regression  model  to  infer  drug  responses  at  single-cell  resolution  [ 14].

 Single-cell  drug  response  (scDR)  employs  differential  expression  anal-

 ysis  and  scoring-based  integration  to  predict  drug  response  directly

 from  scRNA-seq  data  using  pre-identified  drug-response  genes  [ 15].

 Although  these  methods  have  achieved  preliminary  success  in  drug

 response  prediction,  they  generally  rely  solely  on  labeled  bulk  data  as

 the  source  domain  for  model  training  before  transferring  knowledge

 to  unlabeled  single-cell  data.  As  a  result,  their  predictive  performance

 remains  limited  at  single-cell  resolution.
 

https://orcid.org/0000-0002-0448-0094

 19616 18330 a 19616
18330 a
 
mailto:chunmingguo@ynu.edu.cn
mailto:chunmingguo@ynu.edu.cn
mailto:chunmingguo@ynu.edu.cn

 27650
18330 a 27650 18330 a
 
mailto:chengpeng@ynu.edu.cn
mailto:chengpeng@ynu.edu.cn
mailto:chengpeng@ynu.edu.cn


2 | Briefings in Bioinformatics, 2026, Vol. 27, Issue 3          

To  address  this  challenge,  we  utilized  the  labeled  single-cell  and

 bulk  RNA  data  from  CCLs  to  develop  a  computational  tool  [ 6,  16–

 18],  called  scTumorDrug  in  this  work,  to  predict  cell-type-specific

 drug  responses  at  single-cell  resolution.  We  systematically  validated

 the  performance  of  scTumorDrug  in  different  application  scenar-

 ios,  including  cell  lines,  mouse  models,  and  clinical  human  data.

 The  model  scTumorDrug  achieved  accurate  predictions  in  CCLs.  In

 solid  tumors,  the  scTumorDrug  accurately  distinguished  cisplatin-

 sensitive  and  -resistant  tumors  in  both  mouse  bladder  cancer  and

 clinical  human  bladder  cancer  samples.  Overall,  the  scTumorDrug

 performed  better  than  the  existing  methods,  including  SCAD,  scDEAL,

 and  Beyondcell,  in  the  selected  datasets.  Based  on  the  successful  appli-

 cation  in  public  datasets,  we  generated  bladder  cancer  mouse  model

 and  used  the  scTumorDrug  to  investigate  the  roles  of  drug  JQ1  in

 treating  bladder  cancer  by  performing  single  nucleus  RNA  sequencing

 (snRNA-seq)  and  spatial  transcriptomics.  The  scTumorDrug  predicted

 that  the  Mki67+  urothelial  subpopulation  was  sensitive  to  JQ1,  and

 this  prediction  was  further  validated.  Collectively,  the  scTumorDrug

 can  be  applied  to  broad  scenarios  to  predict  cell-type-specific  drug

 responses  in  heterogeneous  tumors,  helping  to  advance  precision

 medicine. 

Materials  and  methods  

Public  datasets 

The  scTumorDrug  training  included  two  categories  of  cancer  bulk

 gene  expression  data  and  corresponding  drug  response  data.  These

 data  were  downloaded  from  the  Cancer  Dependency  Map  (DepMap,

 https://depmap.org/portal/),  the  Cancer  Cell  Line  Encyclopedia,  and  the

 Cancer  Therapeutics  Response  Portal  v2  [ 5,  16– 19].  Gene  expression

 and  drug  response  data  were  downloaded  from  the  Genomics  of

 Drug  Sensitivity  in  Cancer  (GDSC)  (  https://www.cancerrxgene.org/)

 [ 6].  The  CCL  scRNA  data  were  downloaded  from  National  Center

 for  Biotechnology  Center  (NCBI)  with  accession  number  GSE157220

 (cancer  type  composition  shown  in  Supplementary  Fig.  S1)  [ 19].

 The  scRNA-seq  data  for  I-BET-treated  Mixed  Lineage  Leukemia-AF9

 (MA9)  leukemic  cells  and  Bortezomib-treated  MCF7  breast  cancer

 cell  were  downloaded  from  GSE110894  and  GSE114461  [ 20,  21],

 respectively.  The  scRNA-seq  data  for  cisplatin-sensitive/resistant

 mouse  bladder  cancer  tumors  and  cisplatin-  and  gemcitabine-

 sensitive/resistant  human  bladder  cancer  tumors were  downloaded

 from  GSE192575  [ 22].  The  scRNA-seq  data  for  chemonaive  and

 chemotreated  (carboplatin–paclitaxel)  human  ovarian  tumors  were

 downloaded  from  GSE201047  [ 23].
 

Data  processing  

Following  the  scIDUC  method,  we  performed  log
 2

 (
 TPM  +  1  ) trans-

 formation  on  the  raw  bulk  gene  expression  data.  For  each  drug-cell

 line  pair,  we  normalized  the  area  under  the  dose-response  curve

 (AUC)  by  dividing  it  by  the  tested  dose  range  to  generate  the  nor-

 malized  AUC  (nAUC).  Cell  line  names  in  both  the  downloaded  bulk

 gene  expression  and  drug  response  data  were  harmonized  using  the

 Cellosaurus  accession  numbers  with  the  prefix  “CVCL”  [ 24,  25],  as

 described  in  scIDUC.  Since  each  drug  was  only  screened  in  a  subset  of

 cell  lines,  we  calculated  the  proportion  of  missing  values  per  drug  and

 excluded  those  with  coverage  below  40%  across  all  cell  lines.  For  the

 single-cell  data,  the  GSE157220  dataset,  already  in  Counts  Per  Million
 

(CPM)  format,  was  further  log
 2  -transformed.  The  remaining  single-cell

 datasets  were  uniformly  normalized  using  log
 2  (CPM  +  1).

 

The  drug  response-relevant  genes  (nDRGs)  were  derived  from

 scIDUC,  which  applied  the  limma  package  to  fit  linear  models  on  bulk

 RNA  data  and  ranked  genes  by  using  the  B-statistics  to  determine

 the  strength  of  their  association  with  drug  response. Each  drug

 corresponded  to  a  ranked  nDRG  list.  When  training  a  prediction  model

 for  a  specific  drug,  the  top  1500  ranked  genes  were  selected  and  then

 intersected  with  genes  from  the  bulk  gene  expression  data,  CCL  scRNA

 data,  and  the  tumor  scRNA  data,  ensuring  a  consistent  gene  set  across

 all  datasets. 

We  converted  continuous  nAUC  values  into  binary  labels  for

 drug  response  prediction.  Specifically,  cell  lines  were  first  ranked

 in  descending  order  based  on  their  nAUC  values  to  generate  the  nAUC

 cell  line  curve,  where  the  x  -axis  represents  cell  lines  and  the  y-axis

 represents  nAUC  values.  The  strategy  proposed  in  scDEAL  was  used  to

 separately  determine  the  nAUC  cutoff  for  linear  and  non-linear  trend,

 since  scDEAL  validated the  utility  of  this  strategy.  For  curves  exhibiting

 a  linear  trend  (Pearson  correlation  >0.9  for  the  fitted  regression  line),

 the  sensitive/resistant  cutoff  was  set  as  the  median  nAUC  across  all

 cell  lines.  For  non-linear  curves,  the  cutoff  was  defined  as  the  nAUC

 value  of  the  boundary  point  with  the  largest  vertical  distance  to  the

 line  connecting  the  points  with  the  maximum  and  minimum  nAUC

 values.  For  each  drug,  cell  lines  with  nAUC  below  the  cutoff  were

 labeled  as  drug-sensitive  (label  0),  and  those  above  the  cutoff  were

 labeled  as  drug-resistant  (label  1).  To  ensure  data  balance,  drugs  with

 fewer  than  20%  of  cell  lines  in  either  the  sensitive  or  resistant  category

 were  excluded.  The  Pearson  correlations  and  cutoff  diagrams  for  the

 drugs  used  were  provided  in  Supplementary  Figs  S2  and  S3.  However,

 it  should  be  noted  that  other  methods  can  be  used  to  define  drug

 sensitivity  [ 10,  15],  except  the  nAUC  cutoff  strategy  used  in  this  work.
 

Model  training  of  scTumorDrug  

The  overall  scTumorDrug  framework  consisted  of  three  parts:  training

 a  shared  encoder  (SE)  to  extract  latent  representations  between  bulk

 RNA  and  target  scRNA  data;  using  the  dimensionality-reduced  repre-

 sentations  from  both  bulk  RNA  and  CCL  scRNA  data,  along  with  their

 corresponding  drug  response  labels,  to  train  a  multilayer  perceptron

 (MLP) as  a  drug  response  predictor;  and  finally,  applying  the  trained

 SE  and  MLP  to  the  target  scRNA  data  to  predict  drug  responses.
 

First,  the  SE  was  optimized  through  a  multitask  learning  paradigm

 integrated  with  domain  adversarial  training.  This  paradigm  not  only

 performed  two  reconstruction  tasks:  bulk  decoder  (BD)  and  single-cell

 decoder  (SD),  where  the  zero-inflated  negative  binomial  (ZINB)  loss

 was  used  in  single-cell  reconstruction  to  handle  data  sparsity,  but  also

 utilized  the  domain  classifier  (DC)  to  force  the  SE  to  learn  domain-

 invariant  features  through  a  gradient  reversal  layer  (GRL),  thereby

 effectively  aligning  the  feature  distributions  between  bulk  data  (  X
 b  )

 and  the  target  single-cell  data  (  X
 s  ).  The  reconstruction  loss  functions  of

 the  bulk  data  and  the  target  tumor  scRNA  data  loss
 Rec_b  and  loss

 Rec_s  

were  defined  as: 

{
 loss

 Rec_b  =  MSEloss
 (

 BD  (  E
 b  )  ,  X b

 )
 loss

 Rec_s  =  ZINBloss
 (

 SD  ( E
 s  )  ,  X s

 )
 (1)

 

MSEloss  =  1N  ·n
 ∑

 N
 j=1

 ∑
 n
 i=1

 (
 x

 ji  −  y ji
 )

 2
 (2)

 where  E
 b  =  SE  ( X

 b  )  and  E
 s  =  SE  (  X

 s  ) .  SE  ,  BD  ,  and  SD  represent  the

 shared  encoder,  bulk  decoder,  and  single-cell  decoder,  respectively,
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while  E
 b   and  E

 c   denote  the  dimensionality-reduced  bulk  RNA  and

 tumor  scRNA,  respectively.  The  Mean  Squared  Error  (MSE)  loss  func-

 tion  was  used  to  minimize  the  difference  between  the  predicted  values

 and  the  true  values,  in  which  x
 ij   represents  the  true  value  of  the  j-

 th  feature  of  the  i-th  sample,  and  y
 ij   represents  the  corresponding

 predicted  value  from  the  model.
 

We  employed  the  ZINBloss  function  [ 26]  to  model  the  count  dis-

 tribution  of  scRNA  data  by  considering  the  overdispersion  and  zero-

 inflation  characteristics  of  gene  expression:  

ZINBloss  =  1N  •n

 ∑
 N
 i=1

 ∑
 n
 j=1  L ZINB

 (
 m

 ij  ,  d ij  ,  p  ij  ;  x ij
 )

 (3)

 

L
 ZINB

 (
 m,  d,  p;  x

 )
 =

 {
 −  log

 [
 p  +  ( 1  −  p  )  ·  NB

 (
 m,  d;  x

 )]
 ,  if  x  =  0

 −  log
 [(

 1  −  p  )  •  NB
 (

 m,  d;  x
 )]

 ,  if  x  >  0
 (4)

 

NB
 (

 m,  d;  x
 )

 =

 ⎧
 ⎪
 ⎨
 ⎪
 ⎩

 (
 d

d+m

 )
 d

 ,  if  x  =  0
 Γ

 ( x  +d
 )

Γ  (  x  +1  )  Γ  (d)

 (
 d

d+m

 )
 (  d+x

 )  (
 m
d

 )
 x

 ,  if  x  >  0
 (5)

 where  x
 ij  denotes  the  observed  count  of  gene  j  in  cell  i,  m

 ij  is  the

 scaled  mean  parameter  of  the  negative  binomial  distribution,  d
 ij  is

 the  dispersion  parameter,  p
 ij  is  the  zero-inflation  probability  for  data

 comprising  N  cells  and  n  genes,  and  Γ  represents  the  Gamma  function.

 For  observed  zero  counts,  the  loss  function  distinguishes  between

 technical  zeros  (caused  by  sequencing  dropouts)  and  biological  zeros

 (where  the  gene  is  genuinely  not  expressed)  through  the  zero-inflation

 probability  p  .  For  positive  counts,  it  describes  the  over-dispersion  phe-

 nomenon  of  count  data  using  the  two  key  parameters  of  the  negative

 binomial  distribution:  the  mean,  m ,  which  represents  gene  expres-

 sion  abundance,  and  the  dispersion  parameter,  d  ,  which  captures

 intercellular  heterogeneity.  The  Gamma  function  extends  the  factorial

 to  the  continuous  domain,  thereby  enabling  the  negative  binomial

 distribution  to  utilize  a  continuous  dispersion  parameter  that  flexibly

 captures  the  over-dispersion  characteristics  of  gene  expression  counts.
 

We  used  the  Binary  Cross-Entropy  (BCE)  loss  function  in  the  adver-

 sarial  domain  adaptation: 

loss
 Adv  =  BCEloss

 (
 DC

 (
 GRL  (  E

 b  )
 )

 ,  0
 )

 +  BCEloss
 (

 DC
 (

 GRL  (  E
 sc  )

 )
 ,  1

 )
 (6)

 

BCEloss
 (

 p,  y
 i

 )
 =  −  1N

 ∑
 N
 i=1  y i  ·  log(p)  +  ( 1  −  y

 i

 )
 ·  log

 (
 1  −  p  )  (7)

 where  GRL and  DC  represent  the  gradient  reversal  layer  and  the

 domain  classifier,  respectively,  and  the  variable  i  denotes  the  sample

 sizes  for  either  bulk  RNA  or  target  scRNA  data.  For  data  with  a  sample

 size  of  N  ,  y
 i  (0  or  1)  is  the  label  of  the  i-th  sample,  and  p  is  the  predicted

 probability  for  the  sample.
 

The  drug  response  predictor  (MLP)  was  trained  using  the

 dimensionality-reduced  features  of  the  bulk  and  CCL  scRNA  (  X
 Ls  )

 data  from  the  SE,  along  with  their  corresponding  labels.  The  labels

 for  CCL  scRNA  (  L
 Ls  )  were  derived  from  the  bulk  drug  response  labels

 ( L
 b  ).  Then  the  Cross-Entropy  Loss  (CSEloss)  was  used  in  the  binary

 classification  for  the  bulk  and  CCL  scRNA  data:  

{
 loss

 C  _b  =  CSEloss  ( M
 b  ,  L b  )

 loss
 C  _Ls  =  CSEloss  ( M

 Ls  ,  L Ls  )
 (8)

 

CSEloss  =  −  1N
 ∑

 N
 i=1  log

 (
 exp

 (
 z

 i,y
 i

 )
exp

 (  z
 i,0  )  +exp

 (  z
 i,1  )

 )
 (9)

 

where  loss
 C  _b  and  loss

 C  _Ls  represent  losses  for  the  bulk  and  CCL  scRNA

 data,  M
 b  =  MLP

 (
 SE  (  X

 b  )
 )

 and  M
 Ls  =  MLP

 (
 SE  ( X

 Ls  )
 )

 denote  the  output

 matrices  derived  from  MLP  predictor  for  the  bulk  and  CCL  scRNA  data,

 respectively.  Given  data  with  a  batch  size  of  N  ,  each  sample  is  repre-

 sented  by  two  logit  values  z
 i,0  and  z

 i,1  ,  which  indicate  the  raw  scores

 for  the  two  classes.  Here,  y
 i  is  the  true  class  index  of  the  i-th  sample.

 

In  the  model  training  process,  the  total  loss  function  was  finally

 defined  as  the  following  formula:  

loss
 All  =  w 1  loss

 Rec_b  +  w 2  loss
 Rec_s  +  w 3  loss

 C  _b

 +  w
 4  loss

 C  _Ls  +  w 5  loss
 Adv  (10)

 where  the  weight  coefficients  w
 1  ,  w 2  ,  w 3  ,  w 4  ,  and  w

 5  were  set  to

 0.1,  0.1,  1,  1,  and  0.01  in  this  work,  respectively.  The  training  process

 utilized  the  Adam  optimizer  with  a  learning  rate  of  0.005,  and  no  batch

 size  was  predefined.  The  model  was  trained  for  a  total  of  300  epochs.
 

Model  prediction  of  scTumorDrug  

Upon  completion  of  model  training,  the  SE  and  the  predictor  MLP  were

 used  in  drug  response  prediction.  Specifically,  the  dimensionality-

 reduced  data  of  the  target  tumor  scRNA  E
 sc  were  input  into  the  MLP

 for  prediction:  

M
 sc  =  MLP  (  E

 sc  )  (11)

 

Then,  the  argmax  function  was  used  to  convert  the  2D  matrix  M
 sc  

into  the  1D  binary  labels  L
 SC  : 

L
 SC  =  argmax

 (
 M

 SC  ,  dim  =  1  )  (12)

 where  the  output  0  denotes  a  drug-sensitive  cell  and  output  1  denotes

 a  drug-resistant  cell.
 

We  employed  the  integrated  gradients  attribution  method  to  quan-

 tify  both  the  magnitude  and  direction  of  gene  influence  on  the  pre-

 dicted  tolerance  probability,  in  which  the  signed  importance  score

 was  assigned  to  each  input  feature  to  represent  its  contribution  to

 the  model  output. By  using  the  all-zero  expression  vector  as  the

 uninformative  baseline,  a  straight-line  path  was  constructed  from  the

 baseline  to  the  actual  expression  profile  for  each  cell.  At  each  step,

 we  computed  the  gradient  of  the  tolerance  probability  with  respect  to

 each  gene’s  expression,  and  these  stepwise  gradients  were  averaged

 and  multiplied  by  the  difference  between  the  gene’s  expression  and

 the  baseline,  yielding  the  attribution  score  for  the  gene  in  the  given

 cell.  For  each  gene,  this  procedure  was  repeated  for  all  cells,  and

 the  final  importance  score  was  obtained  by  averaging  its  attribution

 values  across  cells. 

Model  evaluation  and  comparison 

Model  performance  was  assessed  using  the  five-fold  cross  validation.

 The  CCL  scRNA  data  and  their  corresponding  labels  were  randomly

 partitioned  into  five  non-overlapping  subsets  of  equal  size  using  a

 random  seed.  In  each  validation round,  four  subsets  were  used  as  the

 training  set  and  the  remaining  one  as  the  test  set.  This  process  was

 repeated  five  times,  ensuring  that  each  subset  was  used  exactly  once

 as  the  test  set.  The  final  model  performance  was  evaluated  based  on

 the  results  from  the  five  test  folds  (  Supplementary  Fig.  S4).
 

In the  model  comparison,  the  single-cell  expression  data  were  nor-

 malized  by  log
 2  (CPM  +  1)  for  SCAD.  This model  output  a  sensitivity
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score  ranging  from  0  to  1  for  each  cell.  Based  on  its  training  paradigm,

 the  labels  1  and  0  indicated  sensitivity and  resistance,  respectively.

 Consequently,  a  cell  population  with  a  score  >0.5  were  classified  as

 sensitive,  and  that  with  a  score  <0.5  was  classified  as  resistant.  The

 SCAD  manual  lists  the  optional  values  for  the  hyperparameters,  but

 without  giving  the  recommended  ones.  Then  we  used  different  combi-

 nations  to  evaluate  the  hyperparameter  values  for  the  tested  datasets,

 and  selected  the  overall  better  one  for  model  comparison  in  this  work

 ( Supplementary  Fig.  S5).  For  drug  response  prediction  using  scDEAL,

 the  parameters  recommended  for  the  corresponding  drug  were  used.

 scDEAL  directly  provided  a  binary  classification  label  (0  or  1)  for  each

 cell,  where  1  denotes  sensitive  and  0  denotes  resistant.  The  Beyondcell

 analysis  was  performed  by  directly  inputting  the  Seurat  object.  Its

 output  included  a  Beyondcell  Sensitivity Score  (BSC)  for  each  cell

 against  every  compound  in  its  drug  database.  A  higher  BSC  indicates

 greater  predicted  sensitivity  of  a  cell  to  a  specific  drug.  To  visualize

 these  results,  the  BSC  distribution was  plotted  as  a  violin  plot.
 

Proteasome  score  calculation 

To  evaluate  the  overall  activity  level  of  the  proteasome  complex

 in  individual  cells,  we  selected  14  core  proteasome  subunit  genes

 (PSMA1–PSMA7  and  PSMB1–PSMB7  )  as  the  feature  set.  By  using  the

 AddModuleScore  function  in  the  Seurat  package  [ 27],  we  calculated

 the  Proteasome  Score  for  each  cell  based  on  the  expression  profiles  of

 these  genes.
 

Copy  number  variation  score  calculation 

To  quantify  genomic  instability  in  tumor  cells  and  distinguish malig-

 nant  cells,  we  performed  a  somatic  copy  number  variation  (CNV)

 analysis.  We  employed  the  R  package  infercnv  (v1.10.1)  [ 28],  using

 cancer-associated  fibroblasts  (CAFs)  as  a  stable  reference  cell  popu-

 lation,  to  infer  CNV  profiles  in  the  remaining  cells.  Specifically,  we

 calculated  a  CNV  score  for  each  cell  based  on  the  extent  of  CNV

 alterations,  which  effectively  reflects  the  magnitude  of  genome-wide

 copy  number  changes.  We  used  the  non-parametric  Wilcoxon  rank-

 sum  test  to  assess  the  statistical  significance  of CNV  score  differences

 between  tumor  and  normal  cells. 

Gene  Ontology  enrichment  analysis 

We  first  identified  significantly  differentially  expressed  genes  using

 the  following  criteria:  adjusted  P-value  (adj.P.Val)  <.05  and  absolute  log

 fold  change  |logFC|  >0.5.  Subsequently,  Gene  Ontology  (GO)  enrich-

 ment  analysis  was  performed  on  these  genes  using  the  ClusterProfiler

 package  (v4.1.0)  [ 29].  Significantly  enriched  biological  pathways  were

 defined  as  those  with  statistical  significance  (adj.P.Val  <.05)  and  were

 visualized  using  bubble  plots.
 

Small  molecule  experiments  of  the
 N-Butyl-N-(4-hydroxybutyl)  nitrosamine  (BBN)  model 

All  animal  studies  were  performed  according  to  protocols  and  guide-

 lines  reviewed  and  approved  by  the  Institutional  Animal  Care  and  Use

 Committee  at  Yunnan  University  (approval  numbers  YNU20220176

 and  YNU20230525).  C57BL/6  J  mice  (JAX#000664)  were  obtained  from

 the  Jackson  Laboratory.
 

Following  the  method  established  by  Beachy  [ 30],  8-week-old  male

 C57BL/6J  mice  were  administered  drinking  water  supplemented  with
 

0.1%  BBN  (Sigma).  The  water  bottles  were  light-protected,  and  the

 solution  was  refreshed  twice  weekly.  BBN  treatment  was  continued

 for  5.5  months.  Between  3.5  and  5.5  months  of  BBN  exposure,  mice

 were  treated  with  Dimethyl  sulfoxide  (DMSO)  or  JQ1  (5  mg/kg)  i.p.

 twice  a  week.  At  the  experimental  endpoint,  mice  were  euthanized,

 and  bladder  samples  were  collected  for  pathological  evaluation  and

 T  staging.  T  stage  was  assessed  according  to  the  8th  edition  American

 Joint  Committee  on  Cancer  criteria.  T1,  Tumor  invasion  of  the  lam-

 ina  propria  (subepithelial  connective  tissue). T2,  Tumor  invasion  of

 the  muscularis  propria.  T3,  Tumor  invasion  of  perivesical  tissue.  T4,

 Tumor  invasion  into  any  of  the  following:  prostate,  uterus  or  vagina,

 pelvic  wall,  or  abdominal  wall.
 

Hematoxylin  and  eosin  staining 

Deparaffinized  sections  were  sequentially  stained  as  follows:  immersed

 in  hematoxylin  (Servicebio,  G1005–1)  for  5  min  to  stain  nuclei,  rinsed

 in  water,  placed  in  differentiation  solution  for  10  s,  and  then  in

 bluing  solution  for  15  s,  with  thorough  water  rinsing  between  each

 solution.  Subsequently,  sections  were  sequentially  stained  in  Eosin

 (Servicebio,  G1005–2)  for  1  min  to  stain  the  cytoplasm,  followed  by

 brief  immersion  in  95%  ethanol,  two  changes  of  100%  ethanol  (1  min

 each),  and  finally  two  changes  of  xylene  (2  min  each).  Sections  were

 then  mounted  using  a  xylene-based  mounting  medium  and  allowed

 to  dry.
 

Formalin-Fixed  Paraffin-Embedded  (FFPE) sample
 preparation  for  single  nucleus  RNA  sequencing  and

 spatial  transcriptomics 

Freshly  harvested  mouse  bladder  tissues  were  fixed  in  4%  paraformalde-

 hyde  (ALDRICH,  441244)  for  24  h  at  4  ◦  C.  The  fixed  tissues  were

 then  dehydrated  through  a  graded  ethanol  series:  75%,  85%,  and

 95%  ethanol,  followed  by  twice  in  absolute  ethanol  (Sangon  Biotech,

 A500737),  for  30  min  each  step.  Subsequently,  the  samples  were

 cleared  by  immersion  in  xylene  (DAMAO,  1330-20-7)  twice,  for  30  min

 each.  Finally,  the  tissues  were  infiltrated  with  paraffin  wax  (CITOTEST)

 at  56  ◦  C  twice,  for  1  h  each,  and  then  embedded  in  paraffin  blocks.

 The  solidified  blocks  were  trimmed  and  sectioned  at  a  thickness  of

 25  μ  m  using  a  microtome  (LEICA,  RM2245)  for  subsequent  snRNA-seq,

 in  which  each  group  contained  three  different  mouse  samples.  The

 paraffin  blocks  were  also  sectioned  at  5  μ  m  for  spatial  transcriptomics,

 with  each  chip  containing  three  different  mouse  samples.  The  snRNA-

 seq  [ 31]  and  spatial  transcriptomics  (spRandom-seq)  [ 32]  on  FFPE

 samples  were  performed  by  M20  Genomics. The  read  alignment

 and  count  matrix  generation  in  spatial  transcriptomics  were  also

 performed  by  M20  Genomics.
 

Single  nucleus  RNA  sequencing  data  processing 

Reads  were  processed  using  the  VITAseer  v1.2  pipeline  with  default

 and  recommended  parameters.  First,  primer  sequences  and  capture

 adaptor  sequences  were  trimmed  in  raw  sequencing  data.  For  each

 Read1,  we  extracted  Unique  Molecular  Identifier  (UMI)  (8  nts)  and

 cell-specific  barcode  (20  nts)  and  merged  sequenced  barcodes  that  can

 be  uniquely  assigned  to  the  same  accepted  barcode  with  a  Hamming

 distance  of  1  nts  or  less.  Read2  was  used  to  generate  the  gene  expres-

 sion  matrix  by  the  STARsolo  module  in  STAR(2.7.10a)  [ 33].  The  valid

 nuclei  were  identified  by  STARsolo.
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Single-nucleus  and  spatial  transcriptomics  data
 analysis 

The  preprocessed  single-nucleus  and  spatial  transcriptomics  data

 were  analyzed  using  Seurat  v5  (v5.1.0)  [ 27]. For  the  raw  gene

 expression  matrix,  the  NormalizeData  function  was  used  to  normalize

 gene  counts  per  cell,  the  FindVariableFeatures  function  was  used

 to  identify  the  highly  variable  genes,  and  the  ScaleData  function

 was  used  to  scale  gene  expression  values. The  dimensionality

 reduction  was  conducted  in  principal  component  space  using  the

 RunPCA  function.  For  the  bladder  cancer  dataset,  data  integration

 was  carried  out  using  the  IntegrateLayers  function  with  the  CCA

 method  to  correct  batch  effects  while  preserving  biological  variation.

 Other  datasets  were  processed  without  applying  the  IntegrateLayers

 function.  Finally,  cell  clustering  was  performed  using  the  first  30  CCA

 dimensions  from  the  integrated  data,  and  the  FindNeighbors  function

 was  used  to  construct  a  cell  nearest-neighbor  graph,  followed  by

 application  of  the  FindClusters  function  implementing  the  Louvain

 algorithm  for  unsupervised  clustering.
 

Results  

Overview  of  scTumorDrug  framework  

scTumorDrug  is  a  deep  learning  framework  that  predicts  drug

 responses  at  single-cell  resolution  (  Fig.  1).  By  employing  cross-domain

 feature  learning  and  multitask collaborative  training,  the  model

 transfers  the  known  gene  expression  signatures  of  drug  responses

 from  labeled  bulk  RNA  and  scRNA-seq  derived  from  CCLs  to  the

 unlabeled  tumor  scRNA-seq  data.  This  dual-supervision  on  both  bulk

 RNA  and  scRNA  enables  the  model  to  learn  drug  response  patterns

 from  two  kinds  of  RNA-seq  data,  significantly  enhancing  prediction

 accuracy  for  heterogeneous  tumor  cell  subpopulations.
 

In  the  model  training  module  (  Fig.  1A),  we  first  selected  the  top

 1500  genes  from  predefined  gene  expression  signatures  as  nDRGs.  The

 shared  gene  set  across  bulk  RNA-seq,  CCL  scRNA,  and  target  tumor

 scRNA  data  was  input  to  an  SE  to  learn  the  unified  and  comparable

 low-dimensional  representations  for  these  different  kinds  of  gene

 expression  data,  and  then  the  scDecoder  and  BulkDecoder  were  used

 to  reconstruct  bulk  RNA  and  scRNA  data,  respectively,  to  preserve  the

 intrinsic  data  structure.  To  address  the  high  sparsity  and  zero-inflation

 characteristics  of  scRNA-seq  data,  the  decoder  reconstruction  was

 performed  using  a  ZINBLoss.  To  mitigate  distributional  discrepancies

 between  bulk  RNA  and  scRNA-seq  data,  the  model  further  utilized

 an  adversarial  domain  adaptation,  in  which  a  DC  with  a  GRL  forces

 the  SE  to  learn  domain-invariant  representations,  thereby  effectively

 bridging  the  distribution  gap  between  bulk  RNA  and  scRNA  data.  We

 also  utilized  an  MLP  as  the  drug  response  predictor  for  the  labeled

 data,  in  which  the  drug  sensitivity  labels  from  both  bulk  RNA  and  CCL

 scRNA  data  were  used  for  model  training  to  enhance  the  model  gener-

 alizability  and  robustness  in  heterogeneous  tumor  cells.  In  this  work,

 the  SE  was  the  fully  connected  networks  with  dimensions  ranged

 from  1500,  1024,  512  to  256,  and  the  dimensions  of  the  scDecoder  and

 BulkDecoder  ranged  from  256,  512,  1024  to  1500.  The  dimensions  of

 the  domain  adaption  were  set  from  256,  128,  64  to  1,  and  those  of  the

 MLP  were  set  from  256,  128,  32  to  2.
 

As  for  the  prediction  module,  the  scTumorDrug  used  the  SE  to

 extract  latent  representations  from  tumor  scRNA  data,  and  used  the

 trained  MLP  to  output  the  drug  response,  sensitive  or  resistant,  for
 

each  cell  (  Fig.  1B).  These  single-cell  responses  were  further  used

 to  calculate  the  drug  responses  for  each  cell  population.  Thus,  this

 computational  pipeline  transferred  the  knowledge  from  large-scale

 labeled  data  to  the  unlabeled  tumor  scRNA-seq  data  in  predicting

 drug  responses  for  different  kinds  of  cell  populations  of  heterogeneous

 tumors. 

scTumorDrug  achieved  good  drug  response
 prediction  in  cancer  cell  lines 

We  evaluated  the  performance  of  scTumorDrug  using  the  publicly

 available  datasets,  in  which  three  existing  methods,  SCAD,  scDEAL,

 and  Beyondcell,  were  selected  to  perform  comparisons.  The  scPDS,

 scIDUC,  and  scDR  were  excluded  from  comparisons  due  to  either

 unavailable  training  data  required  in  the  model  or  the  unavailable

 model  code.  In  the  dataset  derived  from  MA9  leukemic  cells,  there

 exist  four  treatment  conditions:  two  sensitive  states  (P1:  DMSO  and

 P2:  I-BET  400  nM)  and  two  resistant  states  (R1:  I-BET  RESISTANT  and

 R2:  I-BET  RESISTANT  WITHDRAWAL)  (  Fig.  2A)  [ 20].  I-BET151  and  I-

 BET-762  belong  to  the  class  of  BET  bromodomain  inhibitors,  which

 competitively  bind  to  the  bromodomains  to  block  the  recognition  and

 binding  of  the  BET  family  proteins  to  acetylated  histones,  thereby

 leading  to  the  transcriptional  suppression  of  key  oncogenes  and  pro-

 inflammatory  genes  [ 34,  35].  The  scTumorDrug  was  used  to  predict

 the  responses  to  I-BET151  and  I-BET-762,  and  the  predicted  results

 were  consistent  with  the  original  study  (  Fig.  2B).  We  further  com-

 pared  the  performances  among  scTumorDrug,  SCAD,  scDEAL,  and

 Beyondcell.  The  scDEAL  was  excluded  from  the  I-BET151  compar-

 ison  since  it  does  not  include  I-BET151  data,  and  the  SCAD  was

 excluded  from  the  I-BET-762  comparison  for  the  same  reason.  As

 shown  in  Fig.  2C,  the  scTumorDrug  performed  better  than  SCAD  and

 Beyondcell  in  predicting  cell  line  response  to  I-BET151.  The  scTu-

 morDrug  predicted  sensitive  cell  proportions  of  80.4%  (P1),  73.9%

 (P2),  15.4%  (R1),  and  15.3%  (R2),  consistent  with  the  labeled  sensi-

 tive  (P1  and  P2)  and  resistant  (R1  and  R2)  states.  However,  SCAD

 predicted  sensitive  cell  proportions  of  83.5%  and  85.2%  for  R1  and

 R2,  respectively,  contradicting  the  experimentally  validated  resistant

 states.  The  Beyondcell  reported  median  BSC  scores  of  0.58  (P1),  0.49

 (P2),  0.50  (R1),  and  0.58  (R2),  in  which  higher  BSC  scores  indicate

 greater  sensitivity.  These  results  showed  that  SCAD  and  Beyondcell

 could  not  distinguish  well  between  sensitive  and  resistant  samples.

 For  I-BET-762,  scTumorDrug  predicted  sensitive  cell  proportions  of

 71.9%  (P1),  76.3%  (P2),  24.8%  (R1),  and  26.1%  (R2).  The  results  from

 scDEAL  were  96.2%,  86.3%,  9.6%,  and  1.5%,  respectively,  and  Beyond-

 cell  median  BSC  scores  were  0.42,  0.42,  0.35,  and  0.33.  All  three

 methods  distinguished  sensitive  from  resistant  samples,  with  scDEAL

 showing  the  largest  inter-group  difference,  followed  by  scTumorDrug

 ( Fig.  2D).
 

We  next  evaluated  scTumorDrug  on  MCF7  breast  cancer  cells.  In

 the  original  experiment,  MCF7  cells  were  treated  and  sampled  with

 Bortezomib  (500  nM)  under  four  conditions:  before  treatment  (t0),

 12  h  treatment  (t12),  48  h  treatment  (t48),  and  after  72  h  of  treatment

 followed  by  drug  washout  and  24  h  recovery  (t96)  (  Fig.  2E,  left  panel)

 [ 21].  Bortezomib,  a  proteasome  inhibitor,  exerts  its  effect  through

 decreased  proteasome  activity,  which  can  be  assessed  using  expres-

 sion  levels  of  relevant  genes  [ 36– 39].  We  therefore  calculated  the

 proteasome  activity  scores  for  MCF7  cells  under  the  four  conditions.

 The  results  indicated  that  the  cells  exhibited  increased  activity  at  t12
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Figure  1  The  scTumorDrug  framework;  (A)  model  training  framework  of  scTumorDrug;  (B)  model  prediction  pipeline;  CCL  scRNA:  scRNA-seq  data
 derived  from  cancer  cell  lines;  bulk:  bulk  RNA-seq  data  derived  from  CCL;  scRNA:  scRNA-seq  data  derived  from  tumors  for  prediction;  recon:
 reconstruction.  

and  t48,  and  then  decreased  activity  at  t96  (  Fig.  2E,  right  panel),  con-

 sistent with  the  drug  treatment  procedure.  Expectedly,  scTumorDrug

 accurately  predicted  Bortezomib  drug  responses  consistent  with  the

 original  study,  in  which  the  cells  at  t0  and  t96  were  dominant  sensitive

 cells  and  cells  at  t12  and  t48  were  mainly  resistant  cells  (  Fig.  2F).  We

 subsequently  compared  the  scTumorDrug  predictions  to  those  from

 SCAD,  scDEAL,  and  Beyondcell.  Notably,  the  predictions  from  SCAD

 and  scDEAL  did  not  match  the  experimental  design  and  the  observed

 trend  in  proteasome  activity,  whereas  scTumorDrug  and  Beyondcell

 were  consistent  with  this  trend  (  Fig.  2G).
 

Collectively,  in  the  cell  line  datasets,  scTumorDrug  demonstrated

 accurate  predictions  for  all  three  tested  drugs;  Beyondcell  and  scDEAL

 achieved  prediction  power  for  two  drugs  and  one  drug,  respectively,

 and  SCAD  only  achieved  good  predictions  in  some  but  not  all  cell

 lines  for  each  drug.  These  results  demonstrated  the  applicability  of

 scTumorDrug  in  predicting  drug  responses  in  CCLs.
 

scTumorDrug  distinguished  between  sensitive  and
 resistant  tumors  derived  from  mouse  and  human  

We  then  evaluated  the  scTumorDrug  performance  on  mouse  and

 human  tumors,  which  was  almost  neglected  in  previous  methods.

 Wang  et  al.  generated  scRNA-seq  data  for  drug-sensitive  and  drug-

 resistant  bladder  tumors  from  mouse  and  human,  respectively,

 in  which  cisplatin  was  used  in  the  mouse  models  and  cisplatin–

 gemcitabine  combination  was  used  in  human  treatment  [ 22].  Since

 bladder  tumors  are  mainly  composed  of  urothelial  cells,  we  focused  on

 predicting  the  drug  responses  of  this  cell  population  in  the  following

 analyses.  In  the  mouse  tumor  samples,  we  identified  eight  distinct

 cell  populations  through  clustering  and  annotation,  including  a

 major  urothelial  cell  population  (  Fig.  3A  and  Supplementary  Fig.  S6).

 Using  scTumorDrug,  SCAD,  scDEAL,  and  Beyondcell,  we  predicted

 the  cisplatin  response  of  urothelial  cells  in  the  mouse  data.  The
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Figure  2  Evaluations  on  scTumorDrug  using  scRNA-seq  data  derived  from  CCLs;  (A)  UMAP  visualization  of  treatment  conditions  (left)  and  the  ground-
 truth  drug  responses  (right)  in  the  MA9  leukemic  cells;  (B)  UMAP  visualization  of  predicted  drug  responses  for  I-BET151 (left)  and  I-BET-762  (right);  (C)
 comparison  in  predicting  I-BET151 sensitivity;  (D)  comparison  in  predicting  I-BET-762  sensitivity;  (E)  UMAP  visualization  of  treatment  conditions  (left)
 and  corresponding  proteasome  scores  (right)  in  the  MCF7  cell  line;  (F)  UMAP  visualization  of  predicted  drug  response  in  MCF7  cells  to  bortezomib;  (g)
 comparison  in  predicting  bortezomib  sensitivity;  from  left  to  right:  proportions  of  sensitive  and  resistant  cells  predicted  by  scTumorDrug,  SCAD,  and
 scDEAL;  violin  plot  of  the  BSC  score  computed  by  Beyondcell;  in  (C),  (D),  and  (G),  scTumorDrug,  SCAD,  and/or  scDEAL  show  the  predicted  proportions
 of  sensitive  and  resistant  cells,  respectively,  while  Beyondcell  shows  the  violin  plot  of  the  BSC  score,  with  higher  BSC  value  indicating  greater  drug
 sensitivity.  
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result  for  the  overall  urothelial  cells  is  shown  in  Fig.  3B,  with

 subpopulation-specific  predictions  detailed  in  Supplementary  Fig.  S7.

 The  scTumorDrug  predicted  that  92.0%  of  urothelial  cells  were

 sensitive  to  cisplatin  in  sensitive  tumor  and  4.0%  of  urothelial

 cells  were  sensitive  in  resistant  tumors  across  all  urothelial  cells,

 consistent  with  the  experimental  data.  The  SCAD  yielded  86.7%  and

 0.03%,  scDEAL  yielded 62.3%  and  27.5%,  and  Beyondcell  produced

 median  BSC  scores  of  0.66  and  0.48  in  sensitive  and  resistant  tumors,

 respectively.  Thus,  all  four  models  were  able  to  distinguish  between

 sensitive  and  resistant  tumors  in  this  case. 

In  the  human  sample,  the  sensitive  samples  were  untreated,

 while  the  resistant  samples  had  undergone  cisplatin–gemcitabine

 combination  therapy  and  were  clinically  assessed  as  having  pro-

 gressive  disease.  Cell  clustering  and  annotation  identified  10  distinct

 clusters,  including  the  major  urothelial  cell  population  (  Fig.  3C  and

 Supplementary  Fig.  S8).  Using  scTumorDrug,  SCAD,  scDEAL,  and

 Beyondcell,  we  predicted  the  cisplatin  response  of  urothelial  cells

 in  the  human  data.  The  result  for  the  overall  urothelial  cells  is

 shown  in  Fig.  3D,  with  subpopulation-specific  predictions  detailed  in

 Supplementary  Fig.  S9.  For  all  urothelial  cells,  scTumorDrug  predicted

 44.1%  cisplatin-sensitive  cells  in  sensitive  tumors  versus  10.7%  in

 resistant  tumors.  The  prediction  results  were  31.2%  versus  18.4%

 for  SCAD,  52.3%  versus  65.4%  for  scDEAL,  and  median  BSC  scores

 of  0.41  versus  0.60  for  Beyondcell.  The  differences  in  predicted

 sensitivity  between  sensitive  and  resistant  tumors  were  0.334  for

 scTumorDrug,  0.182  for  SCAD,  − 0.131  for  scDEAL,  and  − 0.19  for

 Beyondcell.  These  results  indicate  that  scTumorDrug  and  SCAD

 could  predict  the  cisplatin-resistant  human  bladder  tumors,  while

 scDEAL  and  Beyondcell  produced  predictions  contrary  to  the  clinical

 observations.  We  further  evaluated  the  four  models  for  predicting

 gemcitabine  responses  in  the  same  urothelial cell  population  (  Fig.  3E)

 and  subpopulations (  Supplementary  Fig. S10).  The  scTumorDrug

 predicted  58.9%  gemcitabine-sensitive  cells  in  sensitive  tumors  versus

 5.7%  in  resistant  tumors,  consistent  with  its  clinical  observations.  The

 corresponding  predictions  were  44.5%  versus  16.0%  for  SCAD.  In

 addition,  scDEAL  and  Beyondcell  produced  inverted  predictions.  It

 should  be  noted  that  the  response  prediction  for  combinatorial  drugs

 was  not  performed  in  this  work  since  it  is  out  of  the  scope  of  our  model.
 

We  then  evaluated  the  scTumorDrug  on  the  dataset  derived  from

 human  ovarian  tumor.  In  this  dataset,  the  samples  derived  from  three

 human  patients  at  different  stages,  the  chemonaive  (no  treatment)  and

 chemotreated  (carboplatin  and  paclitaxel  treatment),  were  collected,

 and  the  CD45-negative  cells  were  sorted  to  generate  scRNA-seq  data.

 The  primary  ovarian  tumors  were  used  for  prediction  in  this  work,

 but  the  scRNA-seq  data  derived  from  Patient  2  were  excluded  from

 prediction  due  to  limited  number  of  ovarian  tumor  cells.  Then  five

 distinct  clusters  were  identified  via  clustering  and  annotation  by  refer-

 ring  to  the  original  work  [ 23],  including  epithelial  cells,  matrix  CAF,

 vascular  CAF,  STAR +  CAF,  and  endothelial  cells  (  Fig.  4A–C).  As  shown

 in  Fig.  4D,  the  epithelial  cells,  the  major  cancer  cell  type  in  ovarian

 tumor,  exhibited  decreased  proportion  in  Patient  1  after  treatment,

 whereas  there  was  no  obvious  change  on  epithelial  cell  proportion

 in  Patient  3,  consistent  with  the  original  report  on  the  tumor  cell

 changes  for  Patient  1  and  Patient  3  [ 23].  We  then  used  scTumorDrug,

 SCAD,  scDEAL,  and  Beyondcell  to  predict  the  paclitaxel  response  for

 epithelial  cells.  The  carboplatin  was  excluded  from  prediction  since

 this  drug  is  not  in  the  drug  library  in  this  work.  As  shown  in  Fig.  4E,

 scTumorDrug  predicted  that  the  epithelial  cells  in  Patient  1  and  Patient

 3  were  sensitive  and  resistant  to  paclitaxel  treatment,  respectively,
 

consistent  with  the  cell  proportion  analysis.  The  SCAD,  scDEAL,  and

 Beyondcell  generated  the  similar  predictions,  but  with  lower  propor-

 tion  difference  of  sensitive  cells  between  Patient  1  and  Patient  3. 

To  summarize,  scTumorDrug  well  predicted  the  drug  responses

 in  both  bladder  and  ovarian  tumors.  SCAD  could  predict  the  cor-

 rect  sensitive/resistant trend  overall,  but  it  could  not  well  distinguish

 sensitive  and  resistant  tumor  cells  in  some  cases.  The  scDEAL  and

 Beyondcell  methods  produced  predictions  contrary  to  experimental

 and  clinical  observations  in  human  bladder  tumors.  Considering  the

 fact  that  scTumorDrug  also  performed  better  in  CCLs,  the  results  from

 cell  lines  and  solid  tumors  collectively  demonstrated  the  superiority  of

 scTumorDrug  in  discriminating  sensitive  and  resistant  tumor  cells.
 

scTumorDrug  aided  in  exploring  the  cell-type-specific
 role  of  JQ1  in  bladder  tumor 

In  public  mouse  models  and  human  samples,  we  used  the  scTumor-

 Drug  and  other  methods  to  predict  cell-type-specific  drug responses

 except  for  the  overall  response  (  Supplementary  Figs  S7,  S9,  and  S10).

 However,  we  could  not  directly  validate  the  drug  responses  of  these

 subpopulations  since  there  are  no  experimental  validations  currently.

 In  CCLs,  we  validated  that  scTumorDrug  well  distinguished sensitive

 from  resistant  cancer  cells  for  the  BET  inhibitor  iBET.  BET  proteins

 (bromodomain  and  extra-terminal  domain  proteins)  are  key  epige-

 netic  readers,  and  members  such  as  BRD4  recognize  histone  acety-

 lation  marks  and  recruit  transcription  complexes  to  drive  oncogene

 expression  [ 40– 43].  These  results  together  made  us  to  investigate  the

 cell-type-specific  drug  responses  for  the  small  molecule  JQ1  [ 44– 46],

 a  well-characterized  BET  (BRD4)  inhibitor,  in  treating  bladder  tumors

 in  a  mouse  model. 

First,  we  established a  BBN-induced  mouse  bladder  tumor  model.

 Between  3.5  and  5.5  months  of  BBN  induction,  the  mice  were  adminis-

 tered  either  DMSO  or  JQ1  (  Fig.  5A),  and  bladder  samples  were  collected

 at  the  end  of  the  experiment  for  pathological  evaluation  (  Fig.  5B).

 The  result  showed  that  JQ1  treatment  significantly  reduced  bladder

 weight  in  mice  (  Fig.  5C).  Hematoxylin  and  eosin  stain  (H&E)  staining

 revealed  that  bladder  tumors  in  the  DMSO  group  began  to  infiltrate

 the  muscle  layer,  whereas  in  the  JQ1  group,  infiltration  was  limited

 to  the  lamina  propria  (  Fig.  5D).  We  further  statistically  analyzed  the

 T  stage  of  the  bladder  tumors  in  each  group,  and  the  results  indicated

 that  41.67%  of  mice  in  the  DMSO  group  progressed  to  the  later  T2  stage,

 whereas  the  proportion  of  T2  stage  in  the  JQ1-treated  group  decreased

 to  8.33%  (  Fig.  5E).  These  results  demonstrated  that  JQ1  delayed  the

 progression  of  muscle-invasive  bladder  tumors  in  mice,  although  it

 did  not  completely  eliminate  the  tumors  in  our  experimental  design.
 

We  then  performed  snRNA-seq  on  mouse  bladder  tumor  samples

 treated  with  DMSO  and  JQ1  (  Supplementary  Fig.  S11).  We  identified

 10  cell  clusters,  including  urothelial  cells  (  Fig.  5F  and  G  and

 Supplementary  Fig.  S12).  The  scTumorDrug  predicted  that  the  urothe-

 lial  cells  were  only  relatively  sensitive  to  JQ1  in  the  DMSO-treated

 samples,  consistent  with  the  observation  that  the  JQ1  treatment

 did  not  completely  eliminate  the  bladder  tumor  in  BBN  model.  We

 further  clustered  urothelial  cells  into  three  subpopulations:  Mki67+
 proliferating  uro,  basal  uro,  and  luminal  uro,  in  which  abbreviation

 uro  denotes  urothelial  cells  (  Fig.  6A  and  Supplementary  Fig. S13a

and  b).  Then  we  used  scTumorDrug  to  predict  JQ1  response  for

 these  three  subpopulations  in  DMSO-treated  samples,  and  found

 that  Mki67+  proliferating  uro  exhibited  the  highest  proportion  of

 sensitive  cells  (63.3%)  (  Fig.  6B).  Quantification  revealed  that  Mki67+
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Figure  3  Evaluations  on  scTumorDrug  using  scRNA-seq  data  derived  from  mouse  and  human  bladder  tumors;  (A)  UMAP  plot  of  cell  populations  in
 mouse  scRNA-seq  data;  (B)  comparison  in  predicting  cisplatin  sensitivity  for  urothelial  cells  in  mouse  data;  (C)  UMAP  plot  of  cell  populations  in  human
 scRNA-seq  data;  (D  and  E)  comparisons  in  predicting  cisplatin  sensitivity  and  gemcitabine  sensitivity  for  urothelial  cells  in  human  data,  respectively.  
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Figure  4  Evaluations  on  scTumorDrug  using  scRNA-seq  data  derived  from  human  ovarian  tumors;  (A)  UMAP  plot  of  cell  populations  in  human  scRNA-
 seq  data;  (B)  grouped  plots  of  single-cell  data  from  chemonaive  (no  treatment)  and  chemotreated  (treatment)  human  ovarian  tumors;  (C)  annotated
 bubble  chart  of  single-cell  data  for  the  ovarian  tumors;  (D)  the  cell  proportions  in  Patient  1  and  Patient  3  before  and  after  treatment;  (E)  comparison  in
 predicting  paclitaxel  sensitivity  and  resistance  in  epithelial  cells.  

proliferating  urothelial  cells  comprised  12.0%  of  cells  in  DMSO

 samples,  but  this  proportion  decreased  to  9.4%  upon  JQ1  treatment

 ( Fig.  6C).  GO  functional  enrichment  analysis  revealed  downregulation

 of  cell  proliferation,  cell  cycle,  and  cell  migration  pathways  in

 JQ1-treated  Mki67+  proliferating  uro  (  Supplementary  Fig. S13c).

 Additionally,  inferCNV  analysis  showed  significantly  lower  CNV
 

scores  in  this  subpopulation,  implying  reduced  malignancy  in  JQ1

 samples  (p  =  3.2  ×  10  −  11
 )  (  Supplementary  Fig.  S13d).  These  analyses

 agreed  with  our  predicted  sensitivity  in  Mki67+  proliferating  uro.  We

 used  SCAD  and  Beyondcell  to  predict  drug  responses  for  the  three

 urothelial  cell  subpopulations,  and  scDEAL  tool  was  excluded  from

 calculation  as  JQ1  was  not  included  in  its  database.  In  SCAD,  the
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Figure  5  JQ1  delays  the  progression  of  bladder  cancer  in  mouse  model;  (A)  treatment  strategy  of  JQ1  in  the  BBN-induced  bladder  cancer  model;  (B)
 representative  images  of  collected  mouse  bladders  for  the  DMSO  (up)  and  JQ1  (down)  groups;  (C)  statistical  comparison  of  bladder  weight  between
 DMSO  and  JQ1  groups;  ∗  P  <  .05;  (D)  representative  H&E  staining  images  showing  the  pathological  progression  of  bladder  cancer  in  the  DMSO  and
 JQ1  groups;  NMIBC:  non-muscle  invasive  bladder  carcinoma;  MIBC:  muscle-invasive  bladder  carcinoma;  LP:  lamina  propria;  MS:  smooth  muscle;  low-
 magnification  scale  bar:  200  μ  m;  high-magnification  scale  bar:  50  μ  m;  (E)  the  proportion  of  mice  at  each  bladder  cancer  T  stage;  DMSO  group  (mice,
 n  =  12),  JQ1  group  (mice,  n  =  12);  (F)  and  (G)  UMAP  plot  and  annotated  bubble  chart  of  snRNA-seq  data  from  mouse  bladder  tumors  treated  with  DMSO
 and  JQ1.  
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Figure  6  The  prediction  and  validation  on  the  sensitivity  of  Mki67+  urothelial  cells  to  JQ1  treatment;  (A)  UMAP  plot  of  urothelial  cell  subpopulations  in
 snRNA-seq  data  from  DMSO  and  JQ1  groups;  (B)  the  scTumorDrug  predicted  proportions  of  sensitive  and  resistant  cells  in  the  DMSO-treated  urothelial
 cell  subpopulation;  (C)  the  cellular  proportions  in  DMSO  and  JQ1  snRNA-seq  datasets;  (D)  the  spatial  regions  derived  from  mouse  bladder  tumors
 treated  with  DMSO  and  JQ1,  respectively;  (E)  proportions  of  spatial  regions  in  DMSO  and  JQ1  groups;  (G)  spatial  expressions  of  gene  Mki67  in  DMSO
 and  JQ1  groups;  (G)  comparison  of  Mki67  expression  levels  between  DMSO  and  JQ1  samples.  

Mki67+  proliferating  uro  subpopulation  was  mainly  predicted  as

 JQ1  resistance  though  it  exhibited  higher  sensitivity  than  other  two

 subpopulations,  while  Beyondcell  yielded  predictions  consistent  with

 our  experiments  (  Supplementary  Fig.  S14).
 

To  further  validate  these  findings,  we  performed  spatial  transcrip-

 tomics  on  the  tissue  sections  of  DMSO  and  JQ1  samples.  We  identi-

 fied  six  clusters  from  spatial  transcriptomics,  including  three  clusters

 mainly  marked  by  urothelial  cell  subpopulations:  Mki67  hi
 uro,  basal
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uro,  and  luminal  uro  (  Fig.  6D  and  Supplementary  Fig.  S13e).  Consistent

 with  snRNA-seq  data,  the  proportion  of  Mki67  hi
 uro  decreased  from

 53.5%  to  7.1%  upon  JQ1  treatment  (  Fig.  6E).  Meanwhile,  we  found  that

 the  overall  expression  level  of  the  Mki67  gene  significantly  decreased

 in  JQ1  samples  (  Fig.  6F  and  G).
 

Considering  that  the  Mki67+  urothelial  cells  are  highly  prolifer-

 ative  tumor  cells,  the  results  derived  from  snRNA-seq,  spatial  tran-

 scriptomics,  and  scTumorDrug  collectively  indicated  that  JQ1  reduced

 Mki67+  urothelial  cells  in  the  bladder  tumors,  which  was  the  poten-

 tial  mechanism  why  JQ1  delayed  the  tumor  progression  to  T2  stage

 in  the  BBN-induced  mouse  bladder  tumor  model.  Furthermore,  the

 scTumorDrug  could  aid  in  the  discovery  of  sensitive  subpopulations.
 

Discussion  

In  this  study,  we  developed  the  computational  framework  scTumor-

 Drug  to  predict  drug  responses  at  single-cell  resolution,  which  has

 the  potential  to  dissect  the  tumor  heterogeneity  in  drug  treatment  for

 precision  therapy.  The  performance  improvement  of  scTumorDrug

 lies  in  its  innovative  learning  paradigm.  Inspired  by  the  SCAD  that

 learns  the  representation  from  both  source  and  target  domains,  scTu-

 morDrug  utilized the  adversarial  domain  adaption  to  align  feature

 distributions  between  bulk  and  single-cell  data,  ensuring  domain

 invariance  of  learned  knowledge.  But  unlike  SCAD,  scDEAL  and  other

 methods  that  simply  transfer  knowledge  learned  from  bulk  data  to

 single-cell  domain,  scTumorDrug  constructs  a  dual  supervision  sys-

 tem  that  directly  learns  drug  response  patterns  at  the  single-cell

 level  by  introducing  labeled  single-cell  data.  Furthermore,  scTumor-

 Drug  added  both  single-cell  and  bulk  data  reconstructions  in  the

 total  loss  function  to  make  the  learned  representation  better  fit  the

 dual  supervision.  Our  experimental  results  show  that  this  learning

 approach  captures  subtle  response  differences  among  cell  subpopula-

 tions  with  greater  precision,  and  outperforms  the  traditional  transfer

 learning  methods.  To  demonstrate  the  role  of  dual  supervision,  we

 trained  the  model  by  using  only  bulk  RNA-seq  data,  and  the  results

 showed  that  the  scTumorDrug  derived  from  dual  supervision  per-

 formed  much  better  than  the  model  trained  from  only  bulk  RNA-seq

 data  (  Supplementary  Fig.  S15).  In  addition,  the  scTumorDrug  can  also

 detect  the  important  genes  in  this  dual-supervision  prediction  by  using

 gradient  backpropagation  technique.  For  example,  we  identified  gene

 PTPRC  as  high  contributing  one  to  drug  response  prediction  in  the

 MA9  I-BET  treatment  (  Supplementary  Fig.  S16),  consistent  with  the

 previous  work  that  this  gene  plays  important  roles  in  leukemia  prog-

 nosis  and  treatment  response  [ 47].  However,  it  should  be  noted  that

 the  genes  contributing  to  drug  response  prediction  cannot  completely

 represent  functional  analysis,  and  further  validations  on  these  genes

 are  still  needed.  Collectively,  the  dual  supervision technique  can  utilize

 the  efficacy  of  both  bulk  RNA-seq  and  scRNA-seq  data,  enabling  the

 model  to  work  accurately  on  both  CCL  and  solid  tumor  datasets.
 

Successful  predictions  on  bladder  and  ovarian  tumors  derived  from

 human  patients  provide  hints  for  the  applicability  of  scTumorDrug

 in  clinical  tumors.  Previous  works  mainly  used  drug  sensitivity  data

 derived  from  CCLs,  and  they  were  not  well  evaluated  by  mouse  models

 and  clinical  samples.  In  this  work,  we  compared  these  methods  in  the

 real  solid  tumor  data.  Though  SCAD,  scDEAL,  and  Beyondcell  worked

 on  some  datasets  to  some  extent,  only  scTumorDrug  accurately  distin-

 guished  drug-sensitive  from  drug-resistant  tumors  in  both  mouse  and

 human  bladder  tumors.  These  results  demonstrate  that  scTumorDrug
 

learns  conserved  and  generalizable  features  associated  with  drug

 response.
 

The  scTumorDrug  can  dissect  the  tumor  heterogeneity  at  subpop-

 ulation  resolution  in  drug  responses.  In  this  work,  we  investigated

 the  cell-type-specific  responses  to  JQ1  treatment  in  mouse  bladder

 tumors  by  performing  snRNA-seq  and  spatial  transcriptomics  on  a

 BBN-induced  mouse  model.  The  scTumorDrug  successfully  identified

 cellular  response  heterogeneity  among  urothelial subpopulations,  and

 also  predicted  higher  JQ1  sensitivity  in  Mki67+  proliferating  urothe-

 lial.  The  snRNA-seq  and  spatial  transcriptomics  cross-validated  this

 drug  sensitivity prediction  at  the  subpopulation  level  in  a  solid  tumor.

 This  refined  resolution  enables  researchers  to  move  beyond  overall

 tumor  response  and  identify  the  sensitive  or  resistant  subpopulations,

 providing  a  basis  for  exploring  drug  efficacy.
 

We  also  evaluated  the  hyperparameter  sensitivity  in  scTumorDrug.

 For  the  weights  in  the  total  loss  function  in  Equation  10,  we  trained

 the  model  with  different  weight  coefficients.  The  results  showed  that

 scTumorDrug  performances  were  robust  when  coefficients  slightly

 varied,  but  the  coefficients  used  in  this  work  performed  relatively

 better  overall  (  Supplementary  Fig. S17).  We  also  selected  different

 numbers  of  top  nDRGs  as  model  input,  and  found  that  the  prediction

 accuracy  generally  increased  when  the  nDRG  number  increased  at

 the  beginning.  Overall,  the  performance  was  relatively  better  between

 1000  and  2000  genes  (  Supplementary  Fig.  S18),  and  we  selected  the  top

 1500  genes  in  this  work.
 

There  are  also  limitations  in  this  work.  First,  scTumorDrug  perfor-

 mance  depends  on  the  scale  and  quality  of  labeled  single-cell  datasets,

 which  remain  relatively  scarce.  Since  the  complexity  of  different

 tumor  types  can  change,  the  limited  datasets  in  the  real  tumors  hinder

 the  comprehensive  evaluation  on  the  model  performance.  As  more

 public  data  become  available  in  the  future,  more  model  validations

 can  be  further  conducted  to  account  for  different  kinds  of  tumors.

 Second,  we  predicted  the  cisplatin-sensitive  and  gemcitabine-sensitive

 urothelial  cell  subpopulations,  but  there  is  no  direct  evidence  to  sup-

 port  these  cell-type-specific  drug  responses  in  the  mouse  and  human

 bladder  tumor  samples  due  to  the  lack  of  validation  experiments.

 This  limitation  also  inspires  us  to  further  investigate  the  cell-type-

 specific  roles  of  JQ1  in  mouse  bladder  tumor.  Third,  we  mainly  focused

 on  drug  responses  on  primary  tumor  cells  in  this  work.  However,

 primary  tumor  cell  sensitivity  cannot  completely  represent  treatment

 efficacy  or  prognosis  in  some  cases  since  there  exist  complicated

 intercellular  communications,  tumor  relapse,  and/or  metastasis  in  real

 tumors.  This  kind  of  prediction  is  out  of  the  scope  of  our  work  due

 to  limited  data.  Further  works  are  needed  to  deal  with  the  cellular

 communications  and  other  issues  [ 48– 50].
 

Conclusion  

In  this  work,  we  provided  a  computational  tool  scTumorDrug  for

 single-cell  drug  response  prediction  through  its  innovative  dual

 supervision,  which  expands  the  computational  toolkit  for  precision

 medicine  in  cancer  treatment.  We  also  used  the  scTumorDrug  to  aid

 the  investigation  of  cell-type-specific  responses  to  JQ1  treatment  in

 mouse  bladder  tumor  using  snRNA-seq  and  spatial  transcriptomics,

 and  found  that  the  Mki67+  proliferating  urothelial  cells  are  sensitive

 to  JQ1,  revealing  the  mechanism  underlying  the  observation  that  JQ1

 delayed  the  bladder  tumor  progression  stage.  With  the  accumulation

 of  more  single-cell  data  on  drug  responses,  the  scTumorDrug  can  be

 further  evaluated  or  improved  in  the  future.
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Key  Points 

• We  developed  the  software  scTumorDrug  to  predict  single-cell

 drug  responses  for  heterogeneous  tumors  by  integrating  bulk  and

 single-cell  RNA  data. 

• The  scTumorDrug  worked  well  on  public  tumor  datasets  derived

 from  mouse  models  and/or  clinical  human  patients,  outperforming

 the  existing  methods  in  the  selected  datasets. 

• We  established  a  mouse  bladder  cancer  model  to  investigate

 the  cell-type-specific  drug  responses  of  JQ1  at  the  subpopulation

 level  by  using  scTumorDrug,  and  we  also  evaluated  the  prediction

 performance. 

• We  performed  single-cell  RNA  sequencing  and  spatial  transcrip-

 tomics  to  cross-validate  the  finding  that  the  Mki67+  proliferating

 urothelial  subpopulation  is  sensitive  to  JQ1  in  a  mouse  bladder

 cancer  model. 
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