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Abstract  
High-resolution  spatial  transcriptomics  (HR-ST)  technologies  offer  unprecedented  insights  into  tissue  architecture  but  lack  standardized

 frameworks  for  histological  annotation.  We  present  ST2HE,  a  cross-platform  generative  framework  that  synthesizes  virtual  hematoxylin

 and  eosin  images  directly  from  HR-ST  data.  ST2HE  integrates  nuclei  morphology  and  spatial  transcript  coordinates  using  a  one-step

 diffusion  model,  enabling  histologically  informative  image  generation  across  diverse  tissue  types  and  HR-ST  platforms.  Conditional  and

 tissue-independent  variants  support  both  known  and  novel  tissue  contexts.  Evaluations  on  breast  cancer,  non-small  cell  lung  cancer,  and

 Kaposi’s  sarcoma  demonstrate ST2HE’s  ability  to  preserve  morphological  features and  support  downstream  annotations  of  tissue  histology

 and  phenotype  classification.  Ablation  studies  reveal  that  larger  context  windows,  balanced  loss  functions,  and  multi-colored  transcript

 visualization  enhance  image  fidelity.  ST2HE  bridges  molecular  and  histological  domains,  enabling  interpretable,  scalable  annotation  of

 HR-ST  data  and  advancing  computational  pathology.
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Introduction 

Spatial  transcriptomics  (ST)  technologies  are  rapidly  advancing,

 enabling  gene  expression  mapping  with  preserved  spatial  context.

 High-resolution  ST  (HR-ST)  techniques  such  as  Xenium  [ 1],  NanoString

 CosMx  SMI  [ 2],  and  MERFISH  [ 3]  allow  precise  localization of

 transcripts  across  diverse  tissue  types.  Despite  these  advances,  no

 standardized  system  exists  for  annotating  spatial  structures  and

 phenotypes  in  HR-ST  data.  Current  strategies  fall  into  two  categories:

 (i)  Manual  expert  annotation,  which  is  accurate  but  subjective  and

 difficult  to  scale.  (ii)  Computational  approaches  that  cluster  cells  or

 analyse  neighborhood  composition  but  lack  biologically  meaningful

 labels  [ 4– 7],  as  no  reference  database  links  spatial  transcriptomic

 patterns  to  known  tissue  structures.  These  limitations  highlight  the

 need  for  frameworks  that  integrate  HR-ST  data  with  high-quality

 histopathological  annotations.
 

A  central  challenge  is  the  absence  of  a  reference  linking  gene

 expression  patterns  to  histopathological  structures.  Subsequently,

 annotations  such  as  tumor  subtypes  (e.g.  ductal  carcinoma  in  situ

 (DCIS))  cannot  be  reliably  annotated  without  expert  pathological

 examination  (  Fig.  1a).  Thus,  despite  HR-ST’s  resolution,  its  inter-

 pretability  remains  constrained  (  Fig.  1a).  By  contrast,  hematoxylin  and

 eosin  (H&E)  staining  remains  the  gold  standard  in  histopathological

 examination  [ 8],  supported  by  decades  of  practice  and  rich  literature

 [ 8– 10].  Numerous  foundation  models  trained  on  H&E  images

 including  convolutional  neural  networks  [ 10],  transformer-based

 architectures  [ 11],  and  CLIP-based  models  [ 12– 14]  capture  morpho-

 logical  and  pathological  features  and  have  proven  effective  in  tumor

 classification,  tissue  segmentation,  and  morphology  recognition.

 Transferring  this  knowledge  to  HR-ST  could  significantly  enhance

 tissue  characterization  by  integrating  molecular  and  histopathological

 context. 

However,  pairing  H&E  with  HR-ST  remains  challenging.  While

 Xenium  supports  same-slide  H&E,  tissue  processing  can  damage  the

 tissue,  thus  reducing  fidelity.  In  many  practical  scenarios,  researchers

 face  a  trade-off  between  H&E  and  immunofluorescence  staining

 for  downstream  validation,  particularly  when  tissue  quantity  is

 limited,  RNA  integrity  requirements  constrain  staining  order,  or  signal

 degradation  from  sequential  staining  reduces  data  quality.  Although

 advanced  multiplexed  workflows  such  as  cyclic  immunofluorescence

 (e.g.  CODEX)  can  sometimes  enable  both  modalities  on  the  same

 section,  these  approaches  require  specialized  instrumentation  and

 expertise  that  are  not  universally  accessible.  Even  when  both

 modalities  are  present,  image  registration  is  required  to  align  the  two

 imaging  modalities  —  a  process  that  is  typically  performed  manually,

 limiting  scalability  for  large  cohort  studies.  While  automated  registra-

 tion  methods  exist,  they  often  yield  suboptimal  alignment  quality,

 particularly  in  regions  with  tissue  deformation  or  morphological

 distortion  introduced  during  staining. For  platforms  that  do  not

 support  same-slide  H&E,  the  use  of  adjacent  sections  introduces

 additional  biological  variation.  These  issues  collectively  complicate

 the  integration  of  histology  with  HR-ST  data  at  scale.  Recent  advances

 in  virtual  staining  have  shown  that  generative  models  can  generate

 realistic  H&E  images  from  label-free  [ 15– 20]  or  fluorescence-labeled

 modalities  [ 21].  Yet,  no  method  exists  to  directly  translate  HR-ST  into

 H&E  images,  despite  HR-ST’s  unique  ability  to  capture  molecular  and

 spatial  information  beyond  imaging.
 

To  address  this  gap,  we  propose  ST2HE,  the  first  framework

 for  generating  virtual  H&E  directly  from  HR-ST  data. Built  on
 

Pix2Pix-Turbo  [ 22],  a  one-step  latent  diffusion  model  for  high-fidelity

 image-to-image  translation  (  Fig.  1b),  ST2HE  takes  4  ′  ,6-diamidino-2-

 phenylindole  (DAPI)  image  overlaid  with  locations  of  spatial  tran-

 scripts  as  inputs,  where  the  image  helps  learn  nuclear  morphology

 and  transcript  locations  to  describe  spatial  gene  expression  (  Fig.  1c).

 A  key  design  innovation  of  ST2HE  lies  in  how  these  spatial  transcripts

 are  encoded.  Rather  than  assigning  fixed  colors  to  specific  genes,  each

 gene  is  assigned  a  unique  color  from  a  palette  that  is  independently

 randomized  per  tile.  This  deliberate  design  choice  decouples  gene

 identity  from  color  representation,  enabling  the  model  to  learn  from

 the  spatial  organization  and  density  patterns  of  transcripts  rather

 than  gene-specific  signals.  Critically,  this  makes  ST2HE  independent

 of  any  specific  gene  panel,  allowing  it  to  generalize  across  different

 HR-ST  platforms  such  as  Xenium  and  NanoString  CosMx  that  use

 distinct  gene  panels.  Biological  specificity  is  thus  preserved  through

 the  spatial  organization  of  transcripts  within  tissue  morphology,

 rather  than  through  gene-specific  color signals.  We  trained  ST2HE

 using  Xenium  data  spanning  five  tissue  types  (  Fig.  1d)  and  developed

 two  complementary  variants:  ST2HE-CondGen,  a  tissue-conditioned

 model  for  training  tissue  types  and  ST2HE-UnCondGen,  a  tissue-

 independent  model  for  unseen  tissue  contexts  (  Fig.  1e).  Together,

 these  two  models  provide  flexibility  for  real-world  applications  and

 enable  direct  use  of  pretrained  pathology  models  like  CONCH  [ 13]

 to  annotate  HR-ST  samples.  By  bridging  HR-ST  with  histopathology,

 ST2HE  expands  the  utility  of  HR-ST  for  discovery,  precision  medicine,

 and  translational  research. 

Results  

ST2HE  generates  histologically  accurate  virtual  H&E
 for  xenium  breast  cancer  samples 

We  evaluated  ST2HE  using  a  publicly  available  Xenium  breast  cancer

 dataset,  which  provides  whole-tissue  ST  profiling  of  breast  cancer

 samples  (Section:Methods).  Cell  types  were  previously  annotated  by

 integrating  scRNA-seq  and  H&E  imaging,  identifying  major  popula-

 tions,  including  two  tumor  subtypes:  DCIS  and  invasive  carcinoma

 [ 23]  (  Fig.  2a).  Although  these  subtypes  occupy  distinct  regions  in  gene

 expression  space,  they  remain  challenging  to  annotate  without  his-

 tological  context.  Gene  expression  separation  in  embedding  space

 does  not  constitute  pathological  annotation,  as  the  subtype  labels

 themselves  were  derived  using  H&E  imaging  in  the  original  study.

 Furthermore,  pathological  annotations  of  tumor  subtypes  such  as

 DCIS  versus  invasive  carcinoma  are  fundamentally  defined  by  tis-

 sue  architecture  and  spatial  organization  rather  than  individual  cell

 gene  expression  profiles.  Single-cell  typing  alone  cannot  capture  these

 tissue-level  structural  patterns.  To  illustrate  this  challenge,  we  simu-

 lated  the  real-world  scenario  where  only  HR-ST  data  is  available  by

 merging  all  tumor  subtype  labels  into  a  single  ’tumor  cell’  category  and

 performing  spatial  niche  clustering  using  k-means  on  neighborhood

 cell  type  composition  vectors.  Despite  capturing  spatial  neighborhood

 organization,  niche  clustering  assigned  DCIS  and  invasive  carcinoma

 cells  to  the  same  cluster  (  Fig.  2b),  demonstrating  that  transcriptomic

 neighborhood  analysis  alone  cannot  distinguish these  subtypes.  This

 underscores  the  need  for  histopathological  context  to  enable  accurate

 annotation  of  HR-ST  data,  which  ST2HE  directly  addresses.
 

Because  breast  cancer  is a  training  tissue  type,  we  used  the  con-

 ditional  ST2HE  to  generate  virtual H&E  images  (  Fig.  2c),  enabling  the

 generation  of  more  accurate  breast  cancer-specific  morphology.  This
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Figure  1  Overview  of  the  ST2HE  framework.  (a)  Challenge  in  annotating  high-resolution  spatial  transcriptomics  (HR-ST)  data.  Although  HR-ST  captures
 gene  expression  at  single-cell  resolution,  tumor  subtypes  such  as  ductal  carcinoma  in  situ  (DCIS)  remain  difficult  to  assign  directly  from  spatial
 profiles.  In  contrast,  hematoxylin  and  eosin  (H&E)  staining  is  the  clinical  gold  standard,  supported  by  extensive  digital  pathology  models. (b)  ST2HE
 architecture  for  virtual  H&E  generation.  Built  on  the  Pix2Pix-Turbo  backbone,  the  generator  follows  an  encoder-U-net-decoder  design.  Text  prompts  are
 encoded  via  CLIP  and  injected  to  guide  tissue-specific  virtual  staining,  producing  images  that  align  transcriptomic  inputs  with  histological  features.  (c)
 preparation  of  input  tiles.  DAPI  images  were  sampled  across  tissues  and  overlaid  with  spatial  transcript  coordinates,  represented  as  colored  dots  with
 randomized  palettes  to  avoid  fixed  gene-color  associations.  These  transcript-enhanced  inputs  form  the  basis  for  virtual  H&E  generation.  (d)  Training
 across  multiple  tissues.  ST2HE  was  trained  on  xenium  data  from  five  tissue  types,  capturing  diverse  morphologies  and  gene  panels  to  support  cross-
 platform  generalization.  (e)  Variants  of  ST2HE.  The  tissue-conditioned  model  (ST2HE-CondGen)  generates  virtual  H&E  guided  by  tissue-specific  prompts
 (e.g.  ‘  This  is  a  lung  H&E  image’),  while  the  tissue-independent  model  (ST2HE-UnCondGen)  uses  a  generic  prompt  (‘dapi2he’)  to  enable  generation  for
 tissues  not  represented  in  training. 

dataset  includes  paired,  ground  truth  H&E  staining,  thus  allowing

 evaluation  of  the  generated  H&E  via  pixel-wise  similarity,  structural

 comparison,  and  tissue-level  assessment.  We  first  assessed  the  gen-

 erated  image  quality using  mean  squared  error  (MSE),  peak  signal-

 to-noise  ratio  (PSNR),  and  structural  similarity  index  (SSIM).  Across

 the  dataset,  ST2HE  achieved  an  average  MSE  of  928.18,  PSNR  of

 18.60  dB,  and  SSIM  of  0.59.  Stromal  regions  showed  the  highest

 structural  similarity  (SSIM  =  0.60),  followed  by  DCIS  (SSIM  =  0.58)  and
 

invasive  tumor  regions  (SSIM  =  0.57),  with  all  pairwise  differences

 being  statistically  significant  (Tukey’s  Honestly  Significant  Difference,

 P  <  0.05).  PSNR  was  also  higher  in  stromal  tissue  compared  with

 invasive  tumor  (PSNR  =  18.67  versus  18.41  dB,  P  =  0.0077),  while  dif-

 ferences  in  MSE  among  tissue  types  were  not  significant  (P  =  0.11)

 ( Fig.  2e).  These  results  indicate  that  ST2HE  best  preserves  structural

 features  in  stromal  regions,  with  reduced  performance  in  tumor

 areas,  likely  due  to  their  complexity.  We  next  evaluated  sample-level
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Figure  2  Application  of  ST2HE  to  breast  cancer  spatial  transcriptomics.  (a)  Cell  type  visualization  of  a  breast  cancer  sample.  Left:  Spatial  cell  type
 map;  right:  UMAP  embedding  of  gene  expression  colored  by  annotated  cell  types.  Tumor-associated  populations  are  grouped  into  ductal  carcinoma
 in  situ  (DCIS)  and  invasive  carcinoma  (invasive  tumor),  with  additional  immune  and  stromal  populations  highlighting  tissue  heterogeneity.  (b)  Spatial
 niche  clustering  based  on  neighbouring  cell  composition.  Cells  from  DCIS  and  invasive  carcinoma  were  assigned  to  the  same  cluster,  showing  that
 clustering  without  histopathology  cannot  distinguish  these  tumor  subtypes.  (c)  Virtual  H&E  images  of  breast  cancer  tissue  generated  by  ST2HE-
 CondGen,  leveraging  breast  cancer  as  a  training  tissue  type.  (d)  Structural  fidelity  of  virtual  H&E  images.  Left:  DAPI  with  transcriptomic  coordinates
 (input);  middle:  Virtual  H&E  generated  by  ST2HE;  right:  Real  H&E.  Nuclei  positions,  morphology,  and  tissue  architecture  are  faithfully  reconstructed.
 (e)  Pixel-level  similarity  between  virtual  and  real  H&E  images  across  tissue  types.  Boxplots  summarize MSE,  PSNR  and  SSIM.  Differences  among  tissue
 types  were  assessed  by  ANOVA;  significant  comparisons  are  marked  with  ∗  and  non-significant  with  n.s.  (f)  Performance  of  a  breast  cancer  pathology
 classifier  on  real  H&E  images  from  the  BRACS  dataset.  Bar  plots  show  AUC  values  for  six  diagnostic  categories:  Normal,  pathological  benign  (PB),  usual
 ductal  hyperplasia  (UDH),  atypical  ductal  hyperplasia  (ADH),  DCIS,  and  invasive  carcinoma.  (g)  Annotation  transfer  to  virtual  H&E  images.  Bar  plots
 show  AUC  values  for  the  same  six  categories,  with  performance  comparable  to  real  H&E,  indicating  preservation  of  pathological  features.  (h)  Scheme
 of  classification  evaluation.  A  classifier  fine-tuned  on  BRACS  real  H&E  tiles  was  applied  to  virtual  H&E  images  and  predicted  labels  were  compared  with
 real  H&E  to  assess  annotation  transfer.  
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perceptual  similarity with  the  Fréchet  Inception  Distance  (FID)  and

 obtained  a  score  of  83.1,  indicating  that  the  generated  H&E  capture

 key  structural  features.  Unlike  traditional  virtual  staining,  our  method

 relies  solely  on  transcript  locations  and  DAPI  signals,  making  morphol-

 ogy reconstruction  more  challenging.  Beyond  quantitative  metrics,  we

 also  analysed  structural  fidelity.  Nucleus  positions  and  shapes  were

 well  preserved,  guided  by  the  DAPI  signals  and  cell  morphology  and

 cytoplasmic  regions  were  faithfully reconstructed  from  ST  signals.

 The  spatial  arrangement  of  colored  transcript  signals  also  helped  the

 model  learn  morphology  distributions,  thus  enhancing  overall  patho-

 logical  patterns  (  Fig.  2d).  Overall,  ST2HE  preserves  key  histological

 structures  sufficient  for  downstream  computational  annotation  tasks.
 

We  then  evaluated  annotation  capability  by  fine-tuning  the

 CONCH’s  image  encoder  [ 13]  using  H&E  tiles  from  the  BRACS  dataset

 [ 24],  which  contains  annotations  of  multiple  breast  cancer  subtypes.

 Representative  hematoxylin  and  eosin  tiles  from  the  BRACS  dataset

 used  for  training  and  validating  the  breast  cancer  subtype classifier

 are  shown  in  Supplementary  Fig. S1.  The  classifier  achieved  an

 AUC  of  0.83  for  normal,  0.75  for  pathological  benign,  0.6  for  usual

 ductal  hyperplasia,  0.62  for  atypical  ductal  hyperplasia,  0.8  for  DCIS,

 and  0.91  for  invasive  carcinoma  (  Fig.  2f).  These  results  validate

 its  use  for  annotation  prediction.  We  next  applied  the  classifier  to

 virtual  H&E  images  and  compared  the  predicted  labels  with  those

 obtained  from  real  H&E  images  (  Fig.  2h).  The  annotation  transfer

 performance  was  quantified  using  AUC  for  each  class,  with  the  virtual

 H&E  achieving  0.78  for  normal,  0.89  for  pathological  benign,  0.92

 for  usual  ductal  hyperplasia,  0.76  for  atypical  ductal  hyperplasia,

 0.82  for  DCIS  and  0.81  for  invasive  carcinoma.  With  a  weighted

 average  AUC  of  0.83  for  real  H&E  images,  this  demonstrates  strong

 agreement  in  predicted  annotations  (  Fig.  2g),  confirming  ST2HE’s

 utility  for  downstream  breast  cancer  analysis.  Spatial  co-localization

 analysis  further  illustrates  that  CONCH-derived  tumor  heatmaps

 aligned  with  known  cell-type  distributions from  the  same  tissue

 ( Supplementary  Fig.  S1b).
 

ST2HE  Enables  Cross-Platform  Virtual  H&E  Staining  on
 NanoString  CosMx  data 

To  evaluate  the  cross-platform  capability  of  our  model,  we  tested

 ST2HE  using  the  NanoString  NSCLC  dataset  (see  Methods).  This  dataset

 includes  three  representative  lung  samples  (Lung5_rep1,  Lung6,  and

 Lung9_rep1)  with HR-ST  profiles  annotated  across  multiple  biological

 layers:  cell  types,  niches,  and  tumor  subtypes  [ 25].  Tumor  subtype

 annotations  were  performed  by  expert  pathologists at  the  UPMC  Hill-

 man  Cancer  Center,  using  DAPI  staining,  spatial  cell  type  distributions,

 and  fluorescence-based  imaging  [ 26]  (  Fig.  3a).  The  primary  challenge

 in  this  setting  is  that  NanoString  utilizes  a  gene  panel  distinct  from

 Xenium  plus  the  cross-platform  batch  noise,  which  is  ideal  for  test-

 ing  ST2HE’s  robustness  across  platforms.  Additionally,  since  several

 tumor  subtypes  appear  in  a  different  sample,  the  model  must  pre-

 serve  subtype-specific  pathological  features  while  mitigating  sample-

 specific  variability.  The  lack  of  paired  ground  truth  H&E  images  in  this

 dataset  further  complicates  direct  evaluation  of  the  generated  virtual

 H&E.  Consequently,  we  assessed  the  generated  image  quality  through

 downstream  analyses  and  expert  annotations.
 

Using  the  ST2HE-CondGen  model  (  Fig.  3b),  we  generated  virtual

 H&E  images  for  the  three  NSCLC  samples. The  generated  images

 exhibit  morphological  characteristics  consistent  with  known  NSCLC

 pathology  features,  as  assessed  by  pathologist  review  of  representative

 examples  (  Fig.  3c).  For  instance,  the  micropapillary  subtype  shows
 

epithelial  clusters  forming  rounded  papillary  structures.  All  three

 NSCLC  subtypes,  i.e.  micropapillary,  solid,  and  complex  acinar  retain

 their  distinguishing  structural  patterns,  as  confirmed  by  pathologist

 annotations  [ 27]  (  Fig.  3c).  To  further  assess  the  structural  fidelity  of

 the  generated  images,  we  embedded  them  using  the  CONCH  model.

 Uniform  Manifold  Approximation  and  Projection  (UMAP)  visualiza-

 tion  of  CONCH  embedding  showed  clear  separation  for  micropapillary

 samples,  while  solid  and  complex  acinar  samples  appeared  more

 closely  clustered  but  still  visibly  separated  (  Fig.  3d).  This  proximity

 may  stem  from  batch  effects,  as  both  subtypes  originate  from  the

 same  lung  sample  (Lung9),  possibly  influencing  their  representation

 ( Fig.  3d).
 

To  annotate  the  generated  images  and  compared  the  subtype

 predictions  to  the  known  annotations,  we  leveraged  the  full  CONCH

 model,  which  employs  both  the  image  and  text  encoders  in  a

 contrastive  framework.  Unlike  previous  analyses  where  only  image

 embeddings  were  used  for  visualization, here  the  model  compares

 image  embeddings  with  text  embeddings  of  descriptive  prompts  (e.g.

 ‘An  image  of  {micropapillary  tumor}’)  in  a  shared  latent  space  and

 assigns  the  label  with  the  closest  match  (  Fig.  3e).  Although  initial  classi-

 fication  results  yielded  AUC  scores  of  0.51  for  complex  acinar,  0.64  for

 solid,  and  0.83  for  micropapillary  (  Fig.  3f),  UMAP  visualizations  have

 revealed  that  the  generated  H&E  images  preserved  distinct  subtype

 features.  This  discrepancy  suggests  a  domain  mismatch  between  the

 generated  images  and  the  data  distribution  used  to  train  CONCH.  To

 bridge  this  gap,  we  fine-tuned  the  CONCH  model  using  additional  gen-

 erated  H&E  images  from  consecutive  NanoString  slides  (see  Methods).

 Representative  virtual  H&E  tiles  generated  from  consecutive  NanoS-

 tring  NSCLC  sections  and  used  for  fine-tuning  the  pathology  classifier

 are  shown  in  Supplementary  Fig.  S2.  This  realignment  significantly

 improved  classification  performance,  resulting  in  AUC  scores  of  0.72

 for  complex  acinar,  0.74  for  solid,  and  0.93  for  micropapillary  (  Fig.  3f).

 These  improvements  underscore  the  effectiveness  of  our  synthetic

 H&E  images  in  downstream  pathology  tasks.
 

To  further  evaluate  the  biological  relevance  of  the  generated  H&E

 images,  we  used  CONCH  to  identify  tumor  regions.  We  applied  a

 sliding  window  approach  (see  Methods)  to  the  classifier  across  image

 tiles,  generating  tumor  subtype  probability  heatmaps  from  normal-

 ized  prediction  scores  (  Fig.  3g).  These  heatmaps  showed  strong  align-

 ment  with  ground  truth  annotations,  providing  additional  validation.

 Notably,  even  after  fine-tuning,  the  CONCH  model  continued  to  focus

 specifically  on  tumor  regions,  indicating  that  ST2HE  learned  gener-

 alized  morphological  patterns  rather  than  overfitting  to  the  gener-

 ated  images.  Had  the  synthetic  H&E  images  lacked  biological  fidelity,

 CONCH  would  not  consistently  attend  to  tumor  regions.  Thus,  this

 result  confirms  both  the  biological  integrity  of  the  generated  images

 and  ST2HE’s  suitability  for  automated  pathological  phenotype  detec-

 tion.  Overall,  our  findings  demonstrate  ST2HE’s  ability  to  general-

 ize  beyond  its  training  technology  platform,  successfully  producing

 virtual  H&E  images  of  NSCLC  that  support  downstream  pathological

 annotation.  Furthermore,  the  improved  performance  achieved  by

 fine-tuning  the  classifier  with  synthetic  images  further  demonstrate

 the  quality  and  biological  relevance  of  the  generated  images,  confirm-

 ing  ST2HE’s  utility in  pathology  annotations  for  HR-ST.
 

ST2HE  generalizes  for  unseen  tissue  types  in  Kaposi’s
 sarcoma 

To  evaluate  the  model’s  ability  to  generalize  to  an  entirely  unseen

 tissue  type,  we  used  the  tissue-independent  ST2HE-UnCondGen  model
 

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag326#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag326#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag326#supplementary-data
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Figure  3  Cross-platform  application  of  ST2HE  to  non-small  cell  lung  cancer.  (a)  Spatial  transcriptomics  of  three  NanoString  lung  samples  (Lung5_rep1,
 Lung6,  Lung9_rep1).  Cell  types  (top),  spatial  niches  (middle),  and  tumor  subtypes  (bottom)  were  annotated  by  expert  pathologists  using  DAPI  and
 fluorescence  images.  Subtypes  include  complex  acinar,  micropapillary,  and  solid.  (b)  Tissue-conditioned  generation  of  virtual  H&E  images  using
 ST2HE-CondGen  guided  by  lung-specific  prompts.  (c)  Representative  examples  of  three  tumor  subtypes.  Left:  DAPI  with  spatial  transcripts;  middle:
 Virtual  H&E  generated  by  ST2HE;  right:  Pathologist  subtype  annotations.  Characteristic  features  such  as  papillary  structures  in  micropapillary  subtype
 are  preserved.  (d)  UMAP  embedding  of  CONCH  image  features  from  virtual  H&E  images.  Top:  Subtype  clusters  colored  by  tumor  subtype  (complex
 acinar,  micropapillary,  solid).  Bottom:  The  same  embedding  colored  by  sample  identity  (Lung5,  Lung6,  Lung9).  (e)  Schematic  of  zero-shot  classification
 using  CONCH.  Virtual  H&E  images  are  embedded  by  the  image  encoder,  while  class-specific  prompts  (e.g.  ‘An  image  of  micropapillary  tumor’)  are
 embedded  by  the  text  encoder.  Both  are  projected  into  a  shared  contrastive  space,  and  the  image  is  assigned  the  label  corresponding  to  the  nearest
 text  embedding.  (f)  NSCLC  subtype  classification  performance.  Initial  AUC  scores  show  variability  across  subtypes  but  fine-tuning  CONCH  with  synthetic
 H&E  images  improves  accuracy,  particularly  for  complex  acinar and  solid  subtypes.  (g)  Tumor  region  heatmaps  from  subtype  probability  scores.  For
 each  subtype,  sliding-window  predictions  from  the  CONCH  classifier  are  visualized  as  heatmaps  overlaid  on  DAPI  and  virtual  H&E  images.  Examples
 are  shown  for  micropapillary,  complex  acinar,  and  solid  subtypes,  where  predicted  tumor regions  align  with  ground  truth  annotations,  confirming  the
 biological  relevance  of  ST2HE-generated  H&E  images.  

trained  on  Xenium  datasets  containing  skin  tissues  (  Fig.  4a).  With  a

 generic  prompt  {‘dapi2he’},  we  generated  virtual H&E  images  for

 our  in-house  Xenium  dataset  of  Kaposi’s  sarcoma  (KS),  a  highly

 inflammatory  tumor  caused  by  infection  with  Kaposi’s  sarcoma-

 associated  herpesvirus  (KSHV)  [ 28]  ( Fig.  4b).  Whole-slide  hematoxylin

 and  eosin  scans  of  the  three  Kaposi’s  sarcoma  tissue  microarrays  used

 for  evaluation  are  provided  in  Supplementary  Fig.  S3.  The  goal  of  this
 

experiment  was  to  assess  whether  ST2HE  could  generate  histologically

 meaningful  images  for  KS,  a  cancer  type  absent  from  the  training  set,

 and  capture  features  sufficient  to  distinguish  between  different  KS

 stages.
 

Our  in-house  KS  dataset  includes  three  slides  of  tissue  arrays,

 each  comprising  16,  16,  11  tissues  cores  of  cutaneous  KS  lesions,

 respectively,  derived  from  different  KS  patients  (  Fig.  4b).  Each  core  is
 

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag326#supplementary-data
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Figure  4  Generalization  of  ST2HE to  Kaposi’s  sarcoma,  an  unseen  tissue  type.  (a)  Tissue-independent  generation  with  ST2HE-UnCondGen.  A  generic
 prompt  (‘dapi2he’)  was  used  to  create  virtual  H&E  images  of  KS,  a  cancer  absent  from  the  training  set.  (b)  Representative  DAPI  inputs  (left)  and
 corresponding  virtual  H&E  images  (right)  generated  by  ST2HE-UnCondGen  from  three  tissue  microarray  slides  (KS_TMA_5,  KS_TMA_9,  KS_TMA_10),
 comprising  16, 16,  and  11  tissue  cores  respectively.  Each  core  is  outlined  and  colored  by  KS  stage  (Patch,  Plaque,  or  Nodular).  (c)  Spatial  niche
 composition  across  KS  stages.  Eleven  distinct  niches, including  epidermal,  immune,  stromal,  and  tumor-associated  regions,  were  identified  from  spatial
 transcriptomics  data.  (d)  Niche  composition  gradient  across  KS  progression,  showing  a  shift  from  epidermal/stromal  niches  in  early  patch  lesions  toward
 tumor  and  tumor  core  niches  in  nodular  lesions.  (e)  Generated  virtual  H&E  images  reflect  stage-specific  morphology.  Patch  lesions  show  sparse  spindle
 cells,  plaque  lesions  exhibit  increased  density  with  irregular  clustering,  and  nodular  lesions  display  tightly  packed  spindle  cells  forming  consolidated
 structures.  (f)  UMAP  embeddings  of  virtual  H&E  tiles.  Left:  Clustering  by  KS  stage.  Right:  Clustering  by  spatial  niche,  showing  heterogeneity  in  nodular
 lesions  and  enrichment  for  tumor-associated  niches.  (g)  KS  stage  classification  performance.  Bar  plots  show  AUC  for  patch,  plaque,  and  nodular
 stages.  Tile-level  prediction  performance  is  moderate  but  core-level  performance  improves  markedly  with  top-K  pooling.  (h)  Schematic  of  the  top-K
 pooling  strategy  for  core-level  classification.  Tile-level  predictions  from  virtual  H&E  images  are  ranked  by  confidence  and  the  most  informative  tiles  are
 aggregated  to  generate  a  core-level  prediction.  This  approach  improves  stage  classification  performance  compared  with  tile-level  evaluation. 
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annotated  with  one  of  three  clinically  defined  KS  stages  (Patch,  Plaque,

 or  Nodular)  based  on  the  H&E  stains  from  adjacent  slides  [ 29].  The

 dataset  captures  rich  spatial  transcriptomics  features.  Using  spatial

 neighboring  cell  type  composition  analysis,  we  defined  eleven  distinct

 tissue  niches  including  differentiated  and  basal  epidermis,  immune

 niche,  various  stromal  compartments  such  as  vascular  endothelial

 cells  (VEC),  transit-amplifying  VEC,  macrophages  (M �  ),  and  T-cell

 stroma,  and  tumor  niches  including  tumor  boundary,  tumor,  and

 tumor  core  (  Fig.  4c).  Analysis  of  tissues  across  KS  stages  revealed

 a  progression  associated  shift  in  niche  composition,  transitioning

 from  predominantly  epidermal  and  stromal  niches  toward  tumor-

 associated  niches  as  KS  advances  from  Patch  to  Nodular  stage  (  Fig.  4d).

 Notably,  Nodular  cores  also  contain  niches  of  Patch  and  Plague  stages,

 indicating  pathology  patterns  in  later  stages  overlap  with  those  in

 earlier  stages  (  Fig.  4c&d).  This  overlap  may  complicate  the  ability  of  a

 predictive  model  to  accurately  infer  the  KS  stage.
 

We  first  examined  the  generated  H&E  images  of  the  cores  from  these

 slides.  Interestingly,  visual  inspection  revealed  that  ST2HE  captured

 general  morphological  differences  across  KS  stages  (  Fig.  4e).  Particu-

 larly,  in  the  Patch  cores,  we  observed  sparsely  distributed  spindle  cells,

 whereas  the  Plaque  cores  showed  moderately  increased  spindle  cell

 density  with  more  irregular  clustering  and  the  Nodular  cores  exhib-

 ited  highly  cellular  regions  with  tightly  packed  spindle  cells  forming

 more  consolidated  structures  (  Fig.  4e).  These  observations  align  with

 pathological  characteristics  of  KS  progression  [ 29– 31].  Although  the

 ST2HE  never  encountered  skin  tissue  during  training,  the  generated

 images  appeared  to  reflect  structurally  meaningful  differences  across

 disease  stages.
 

To  quantitatively evaluate  these  features,  we  embedded  the  gen-

 erated  H&E  tiles  using  the  CONCH  image  encoder  and  visualized the

 resulting  latent  space  using  UMAP  (  Fig.  4f).  The  embeddings  revealed

 stage-associated  clustering,  with  the  Nodular  cores  forming  a  dom-

 inant,  compact  region  and  the  Patch  cores  being  separated  more

 distinctly  from  the  rest.  The  Plaque  stage  exhibits  partial  overlap  with

 both  (  Fig.  4f,  left  panel).  When  colored  by  spatial  niche,  early-stage

 Patch  regions  predominantly  aligned  with  the  expected  early-stage

 niches,  showing  relatively  homogeneous  composition.  In  contrast,

 late-stage  Nodular  regions  exhibited  extensive  heterogeneity,  encom-

 passing  nearly  all  spatial  niches,  while  being  heavily  enriched  for  late-

 stage  niches  such  as  tumor  core  and  tumor  boundary  (  Fig.  4f,  right

 panel).  These  patterns  suggest  that  the  model  captured  biologically

 meaningful  differences  reflective  of  KS  stage  and  tumor  architecture,

 despite  it  has  never  seen  any  KS  data  during  training.  Correlation

 of  spindle  packing  scores  with  angiogenesis  and  inflammation  gene

 modules  confirmed  a  significant  morphology-molecular  relationship

 across  KS  stages  (  Supplementary  Fig.  S3b,  S3c).  The  spindle  packing

 score  is  a  tissue-level architectural  measure  derived  from  Frangi

 vesselness  filtering  of  virtual  H&E  images,  where  higher  scores  reflect

 progressive  spindle  cell  consolidation  from  sparse  structures  in  Patch

 to  dense  masses  in  Nodular  stage.  Together  with  the  breast  cancer  co-

 localization  analysis  (  Supplementary  Fig.  S1b),  these  results  support

 tissue-level  biological  consistency  of  the  generated  images,  though

 they  do  not  establish  single-cell-level  structural  fidelity.
 

We  next  tested  whether  these  virtual  H&E  images  could  support

 downstream  classification  tasks.  A  stage-specific  classifier  trained  on

 real  H&E  tiles  from  consecutive  sections  was  applied  to  the  generated

 virtual  H&E  tiles. As  expected,  tile-level  classification  performance

 was  moderate,  with  AUC  scores  of  0.68  for  Patch,  0.71  for  Plaque,

 and  0.84  for  Nodular  (  Fig.  4g).  These  suboptimal  tile-level  results  are
 

expected  for  two  reasons.  First,  the  model  was  trained  without  any

 skin  tissue,  making  it  challenging  to  generate  accurate  H&E  features

 for  skin-derived  KS  samples.  Second,  and  more  fundamentally,  stage

 annotations  in  our  dataset  are  assigned  at  the  core  level,  meaning

 all  tiles  from  a  given  core  carry  the  same  stage  label  regardless  of

 their  local  biological  content.  As  shown  in  Fig.  4d,  KS  cores  contain

 heterogeneous  mixtures  of  niches  where  late-stage  Nodular  cores  fre-

 quently  include  early-stage  epidermal  and  stromal  niches  whose  tiles

 are  incorrectly  labeled  as  Nodular  at  the  tile  level.  This  inherent  label

 noise  naturally  limits  tile-level  classification  performance.  To  address

 this,  we  adopted  a  top-K  pooling  strategy  (  Fig.  4h),  which  aggregates

 predictions  from  the  most  confidently  predicted  tiles  within  each  core.

 Since  tiles  representing  the  dominant  stage  morphology  of  the  core

 tend  to  receive  higher  confidence  scores,  top-K  pooling  effectively

 filters  out  mislabeled  tiles  from  mixed-stage  niches.  We  systematically

 evaluated  performance  across  a  range  of  K  values  (K  =  1,  10,  50,  100,

 200),  with  results  presented  in  Fig.  4g.  Performance  peaks  at  small  to

 medium  K  values  and  degrades  at  larger  K  as  tiles  from  mixed-stage

 niches  are  increasingly  included,  consistent  with  the  niche  hetero-

 geneity  (  Fig.  4d).  These  results  demonstrate  that  while  individual  tiles

 may  be  noisier,  ST2HE  preserves  essential  morphological  cues  across

 multiple  tiles  to  enable  accurate  core-level  inference.  In  summary,

 these  results  underscore  ST2HE’s  capacity  to  generalize  to  previously

 unseen  tissue  types.  Even  though  the  model  was  trained  without  any

 skin  data,  it  was  able  to  generate  virtual  H&E  images  for  KS  that  reflect

 relevant  biological  patterns  and  support  downstream  classification.

 These  findings  indicate  that  spatial  transcriptomics  features  learned

 from  other  tissues  can  encode  broadly  applicable  histological signals,

 demonstrating  the  potential  of  virtual  staining  for  use  in  diverse  and

 novel  tissue  settings.
 

Larger  context,  balanced  loss,  and  multi-colored
 transcripts  improve  virtual  H&E  generation 

A  core  innovation  of  ST2HE  is  integrating  DAPI  staining  with  tran-

 script  locations  to  generate  virtual  H&E  images.  To  assess  how  input

 configurations  affect  output  quality,  we  conducted  ablation  studies

 using  the  Xenium  breast  cancer  data.  We  first  examined  the  tile

 size,  which  determines  local  context.  Models  trained  with  512  ×  512

 tiles  outperformed  those  with  256  ×  256  (AUC  of  0.81  versus  0.73;

 Table  1),  demonstrating  that  larger  context  improves  morphological

 fidelity  and  classification  accuracy.  Even  larger  tiles  may  offer  further

 improvements,  but  memory  constraints  prevented  us  from  exploring

 them  in  this  study.
 

Next,  we  evaluated  ST2HE’s  loss  weighting,  which  balances

 contributions  from  global-context  features  and  local  structural  details.

 Experiments  showed  that  models  prioritizing  detailed  morphology

 consistently  performed  better  across  tasks.  Specifically,  when  the

 global-context  loss  was  assigned  to  a  higher  weight  (0.3,  denoted  as

 hg  ),  performance  declined  compared  to  the  default  setting  (0.1),  with

 an  average  AUC  of  0.72  versus  0.80  (  Table  1).  These  results  suggest  that

 preserving  fine-grained  structural  details  is  more  critical  for  reliable

 interpretation  and  annotation  than  emphasizing  global  style.
 

We  further  compared  conditional  and  non-conditional  training

 across  both  breast  cancer  and  NSCLC  datasets.  For  breast  cancer,

 ST2HE-CondGen  slightly outperformed  ST2HE-UnCondGen  for

 downstream  subtype  classification  (AUC  0.83  versus  0.81;  Table  1).
 

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag326#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag326#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag326#supplementary-data
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Table  1  Classification  AUC  performance  of  different  ST2HE  model  variants  across  histopathological  categories. 
.  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .

ST_256_hg MT_256  MT_256_hg ST_512 MT_512  MT_512_cond 
.  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .

Normal  0.55 0.7 0.69 0.89 0.89  0.78 
PB  0.73 0.77 0.81 0.91  0.90 0.89 
UDH  0.75 0.86 0.80 0.92 0.91 0.92  
ADH  0.83 0.82 0.80 0.78 0.85  0.76 
DCIS 0.79 0.86  0.81 0.79 0.73 0.82 
IC 0.63 0.74 0.72 0.76 0.80 0.81  
avg  0.67 0.77 0.76 0.80 0.81 0.83  
.  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .
Values  represent  classification  AUC  for  each  subtype;  bold  values  indicate  the  highest  AUC  in  each  row  (the  best-performing  variant  for  that  category).  ‘ST’  and  ‘MT’  indicate
 single-tissue  and  multi-tissue  training,  respectively,  the  subscripts  (256,  512)  denote  tile  size,  ‘_hg’  indicates  high  weight  of  global  context  loss,  and  ‘_cond’  indicates  the  use
 of  conditional  generation.  

This  advantage  was  consistent  in  the  NSCLC  dataset,  where  ST2HE-

 CondGen  achieved  AUC  scores  of  0.51,  0.64,  and  0.83  for  complex

 acinar,  solid, and  micropapillary  subtypes  respectively,  compared  to

 0.53,  0.59,  and  0.80  for  ST2HE-UnCondGen  (  Supplementary  Fig.  S2).

 Across  both  datasets,  tissue  conditioning  provides  consistent  if

 modest  performance  gains,  suggesting  that  the  tissue  prompt  helps

 refine  morphological  generation  when  label  information  is  available.

 However,  ST2HE-CondGen  depends  on  the  availability  of  tissue-type

 labels,  which  are  not  always  practical  to  obtain.  To  balance  accuracy

 and  flexibility,  we  retained  both  versions  in  our  pipeline,  applying

 ST2HE-CondGen  when  labels  are  available  and  ST2HE-UnCondGen

 when  they  are  not.
 

An  important  design  choice  in  ST2HE  is  transcript  dot  size,  con-

 trolled  by  parameter  s  in  the  Matplotlib  scatter  function.  We  sys-

 tematically  evaluated  s  from  0.1  to  0.9,  measuring  LPIPS,  L2,  CLIP

 similarity,  and  clean  FID.  L2  and  CLIP  similarity  peaked  at  s  =  0.1,  clean

 FID  favored  s  =  0.3,  and  classification  AUC  peaked  at  s  =  0.5  (  Fig.  5a-c).

 Larger  dot  sizes  caused  transcript  overlap  and  blurrier  morphology.

 Balancing  these  outcomes,  we  selected  s  =  0.3  as  the  optimal  dot  size.
 

We  compared  three  visualization strategies:  multi-colored  tran-

 scripts  (each  gene  assigned  a  unique  color),  mono-colored  transcripts

 (all  genes  shown  in  a  single  color),  and  a  DAPI-only  input  with  no  tran-

 script  visualization.  Multi-colored  transcripts  consistently  performed

 the  best  (AUC  of  0.83  versus  0.75  for  mono-colored  and  0.64  for  DAPI-

 only  inputs;  Fig.  5d).  This  result  indicates  the  multi-colored  approach

 provides  a  rich  visual  cue  that  helps  the  model  distinguish  spatial  gene

 expression  patterns  and  associate  them  with  morphological  context.

 In  contrast,  mono-colored  inputs  led  the  model  to  confuse  transcript

 dots  with  DAPI  nuclear  signals,  producing  scattered,  small  cell-like

 artifacts  rather  than  coherent  tissue  morphology  (  Fig.  5e).  DAPI-only

 inputs  lacked  transcript  context  and  produced  poor  image  quality

 ( Fig.  5e).  These  findings  support  multi-colored  transcript  visualization

 as  the  default  configuration.
 

Finally,  we  evaluated  the  robustness  of  ST2HE  under  varying  input

 conditions  that  reflect  real-world  challenges  in  cross-platform  and

 cross-tissue  applications,  including  differences  in  tissue  complexity,

 gene  panel  composition,  and  transcript  positional  uncertainty.  These

 analyses  were  conducted  on  the  Xenium  breast  cancer  dataset

 where  ground  truth  H&E  is  available  for  quantitative  assessment,

 and  provide  indirect  support  for  cross-platform  generalization.

 Notably,  downstream  classification  AUC  remained  stable  across

 25%–100%  gene  retention,  only  dropping  when  transcripts  were

 removed  entirely,  while  pixel-wise  metrics  paradoxically  improved

 with  fewer  genes.  We  discuss  the  implications  of  this  finding  in  the
 

Discussion.  We  note  that  additional  factors  including  DAPI  image

 quality,  segmentation  differences,  platform  chemistry,  and  residual

 gene-panel  effects  may  still  influence  cross-platform  performance

 and  represent  important  directions  for  future  investigation.  Results

 are  presented  in  Supplementary  Fig.  S4.

 

Discussion  

We  developed  ST2HE,  a  generative  framework  that  synthesizes  his-

 tologically  realistic  virtual  H&E  images  directly  from  HR-ST  data.  By

 leveraging  DAPI  morphology  and  gene-level  spatial  context,  ST2HE

 bridges  the  gap  between  transcriptomics  and  histopathology.  Across

 datasets  including  breast  cancer,  NSCLC,  and  KS,  generated  images

 preserved  key  morphological  features  and  supported  downstream

 tasks  such  as  subtype  classification  and  stage  prediction,  demonstrat-

 ing  the  feasibility  of  virtual  H&E  for  spatial  biology  and  computational

 pathology.
 

A  major  strength  of  ST2HE  is  its  flexibility  across  platforms  and

 tissues,  enabled  by  dual  conditional  and  generalization  modes.

 In  cross-platform  and  unseen-tissue  evaluations,  ST2HE  produced

 images  capturing  tissue-level  morphological  patterns  while  retaining

 predictive  accuracy  with pretrained  models  like  CONCH,  underscoring

 the  fidelity  of  integrating  transcriptional  signals  with  generative

 modeling.
 

The  practical  utility  of  ST2HE  is  greatest  in  scenarios  where  high-

 quality  paired  H&E  is  unavailable  or  impractical  to  obtain.  We  pro-

 pose  the  following  use-case  framework:  (i)  When  tissue  quantity  is

 limited  and  researchers  must  prioritize  between  H&E  and  immunoflu-

 orescence,  ST2HE  removes  this  constraint  by  generating  virtual  H&E

 directly  from  HR-ST  data,  freeing  remaining  tissue  for  immunofluo-

 rescence  or  other  downstream  assays.  (ii)  When  H&E  is  missing  or

 of  low  quality,  ST2HE  provides  a  direct  substitute,  enabling  histo-

 logical  annotation  from  HR-ST  data  alone  without  additional  tissue

 sectioning  or  staining.  (iii)  When  the  HR-ST  platform  does  not  support

 same-slide  H&E  (e.g.  NanoString  CosMx,  MERFISH),  ST2HE  enables

 histological  interpretation  directly  from  HR-ST  data,  bypassing  the

 need  for  adjacent  section  registration  and  its  associated  biological

 variation.  (iv)  When  large-scale  cohort  processing  is  required,  ST2HE

 eliminates  the  need  for  manual  image  registration  between  H&E  and

 HR-ST  modalities,  enabling  scalable  automated  histological  annotation

 across  large  datasets.
 

ST2HE  also  provides  interpretability  and  modularity.  Ablation  stud-

 ies  showed  that  smaller  transcript  dots  and  multi-colored  encodings

 improved  structural  extraction  and  preserved  spatial  context.  Over-

 laying  transcript  locations  on  DAPI  images  enhanced  interpretability,
 

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag326#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag326#supplementary-data
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Figure  5  Ablation  study  of  context  size,  training  loss,  and  transcript  color  scheme  on  virtual  H&E  generation.  (a)  Validation  performance  of  different
 transcript  dot  sizes  (s  =  0.1–0.9)  using  LPIPS,  L2,  CLIP  similarity,  and  clean  FID,  capturing  perceptual,  pixel-level,  semantic,  and  realism-based  quality.
 (b)  Weighted  average  ROC  AUC  across  dot  sizes.  Models  performed  best  at  intermediate  dot  sizes  (s  =  0.3–0.7).  (c)  Representative  virtual  H&E  images
 generated  using  different  dot  sizes.  Larger  dot  sizes  caused  transcript  overlap  and  blurrier  morphology,  while  smaller  sizes  preserved  nuclear  features
 but  reduced  perceptual  realism.  Real  H&E  is  shown  for  comparison.  (d)  Weighted  average  classification  AUC  for  different  transcript  visualization
 strategies.  Multi-colored  transcript  inputs  outperformed  mono-colored  and  DAPI-only  inputs,  demonstrating  the  importance  of  gene-specific  color
 information.  (e)  Representative  outputs  under  different  input  settings.  Real  H&E  (left)  is  compared  with  virtual  H&E  generated  by  multi-colored
 transcripts,  mono-colored  transcripts,  and  DAPI-only  inputs.  Black  boxes  highlight  regions  where  multi-colored  inputs  preserve  structural  fidelity  and
 pathology-relevant  features  better  than  the  alternatives.  

linking  spatial  gene  expression to  tissue  morphology.  These  findings

 emphasize  the  importance  of  input  design  for  maximizing  fidelity

 and  functional  utility  in  HR-ST  to  H&E  translation.  Our  gene  down-

 sampling  experiment  reveals  an  important  insight  into  what  ST2HE

 learns  from  transcript  data.  The  stability  of  downstream  classification

 AUC  across  25–100%  gene  retention  demonstrates  that  ST2HE  learns

 from  the  spatial  organization  and  diversity of  transcript  patterns

 rather  than  the  identity  of  specific  genes.  This  is  consistent  with  our

 multi-colored  transcript  design,  where  spatial  diversity  of  colored

 transcript  patterns  carries  meaningful  tissue  architecture  information

 even  when  individual gene  identity  is  decoupled  through  palette  ran-

 domization.  The  meaningful  AUC  drop  at  0%  gene  retention  confirms

 that  transcript  spatial  context  remains  essential  for  biological  utility.
 

Some  limitations  remain.  Current  image  quality,  while  suitable  for

 computational  annotation  transfer,  lacks  the  fine-grained  resolution

 required  for  clinical  diagnostics.  Future  improvements  could  integrate

 additional  imaging  modalities  (e.g.  membrane  stains or  multiplex

 fluorescence)  to  capture  finer  cellular  detail  and  enable  clinical  inter-

 pretability.  Beyond  this,  ST2HE  could  underpin  spatial  annotation

 databases,  where  virtual  stains  help  transfer  expert  or  model-derived

 annotations  to  HR-ST  data,  enriching  systematic  analyses  of  spatial

 gene  expression  and  advancing  disease  classification  and  biomarker

 discovery.  We  note  that  pixel-wise  metrics  such  as  SSIM  and  PSNR

 have  recognized  limitations  for  evaluating  generative  histology  tasks

 [ 32,  33]  and  are  particularly  challenging  for  ST2HE  which  generates

 H&E  from  spatial  transcript  coordinates  rather  than  structurally  rich
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imaging  modalities. Downstream  annotation  transfer  AUC  of  0.83  is

 therefore  the  more  relevant  quality  criterion  for  ST2HE’s  intended  use.

 The  contribution  of  DAPI  image  quality  differences  between  platforms

 to  cross-platform  performance  remains  an  open  question. Unlike  tran-

 script  density  and  panel  composition,  which  can  be  systematically

 evaluated  through  controlled  experiments,  disentangling  DAPI  quality

 effects  would  require  controlled  cross-platform  imaging  experiments

 that  are  beyond  the  scope  of  the  current  study.  We  identify  this  as

 an  important  direction  for  future  work  in  defining  the  generalization

 boundary  of  ST2HE.
 

Materials  and  methods  

Data  preparation 

Raw  spatial  transcriptomics  data  and  their  corresponding  tissue

 images  were  initially  curated  and  processed  to  create  suitable

 inputs  for  model  training.  The  workflow  involved  three  key  steps:

 (i)  aligning  DAPI  and  H&E  images  through  image  registration,  (ii)

 filtering  and  overlaying  transcript  coordinates  onto  DAPI  images,

 and  (iii)  generating  transcript-enhanced  DAPI/H&E  patch  pairs.

 These  processed  pairs  are  the  input  and  output  for  model  training.

 We  utilized  five  Xenium  formalin-fixed  paraffin-embedded  (FFPE)

 datasets  from  10×  Genomics:  (i)  preview  FFPE  Human  Breast  Sample,

 (ii)  Human  Lung  Cancer  with  Human  Immuno-Oncology  Profiling

 Panel  and  Custom  Add-on,  (iii)  FFPE  Human  Pancreatic  Ductal

 Adenocarcinoma  with  Human  Immuno-Oncology  Profiling  Panel,  (iv)

 FFPE  Human  Brain  Cancer  with  Human  Immuno-Oncology  Profiling

 Panel  and  Custom  Add-on,  and  (v)  Human  Liver  with  the  Xenium

 Human  Multi-Tissue and  Cancer  Panel,  as  Xenium  provides  both  high-

 resolution  DAPI  images  with  transcript  coordinates  and  matched  post-

 Xenium  H&E  images.  This  pairing  makes  them  uniquely  suited  for

 supervised  learning,  since  ground-truth  stained  images  are  available

 for  direct  comparison.
 

Image  registration 

Xenium  DAPI  and  H&E  images  were  aligned  using  a  3  ×  3  transforma-

 tion  matrix  provided  with  each  dataset,  resampled  to  0.2125  μ  m/pixel

 via  bicubic  interpolation,  and  warped  using  linear  perspective  trans-

 formation  to  achieve  pixel-level  correspondence.
 

Model  training  data  generation 

To  prepare  image  tiles  for  model  training,  we  first  selected  representa-

 tive  regions  across  the  tissue.  Farthest  point  sampling  was  applied  to

 segmented  cell  centroids  to  identify  spatially  diverse  index  cells.  For

 each  selected  cell,  a  512  ×  512  pixel  window  was  extracted  from  the

 DAPI  image  and  the  corresponding  post-Xenium  H&E  image,  provided

 the  tile  contained  sufficient  content.  Tiles  with  over  90%  black  or  near-

 white  pixels  (grayscale  0  or  >  230)  were  discarded.  DAPI  tiles  were

 normalized  and  saved  as  grayscale  PNGs,  and  H&E  tiles  were  saved

 in  RGB  format.  Transcriptomic  coordinates  with  quality  scores  above

 20  were  retained  for  overlay.  Transcripts  were  plotted  on  the  DAPI

 background  as  colored  dots,  with  each  gene  assigned  a  unique  color

 from  a  hue-sorted  palette.  The  palette  was  independently  randomized

 per  tile  to  prevent  color-gene  correspondence  across  tiles,  and  dot  sizes

 were  varied  to  improve  model  robustness.  Axes,  labels,  and  spines

 were  removed  to  produce  clean  overlays.  The  resulting  transcript-

 enhanced  DAPI  images,  comprising  2000  tiles  per  tissue  type,  were
 

exported  and  split  into  training  and  validation sets  for  model  develop-

 ment  and  evaluation. 

ST2HE  model  for  virtual  H&E  staining 

ST2HE  was  built  based  on  the  Pix2Pix-Turbo  model,  a  one-step  image-

 to-image  translation  model  designed  for  paired  image  synthesis.

 Pix2Pix-Turbo  builds  upon  the  traditional  Pix2Pix  framework  by

 integrating  a  single-step  diffusion-based  generator  with  adversarial

 learning  objectives,  significantly  reducing  inference  time  while

 maintaining  image  quality.  Additionally,  it  incorporated  text-based

 conditional  control  to  guide  the  generation  of  different  tissue  types,

 utilizing  a  CLIP-based  text-image  alignment  loss.
 

The  ST2HE  generator  is  based  on  a  pre-trained  one-step  diffusion

 model,  which  has  been  adapted  for  paired  image-to-image  translation.

 It  employs  Low-Rank  Adaptation  to  efficiently  fine-tune  the  model

 for  virtual  staining  while  reducing  computational  overhead.  The  net-

 work  structure  consolidates  encoder,  U-Net,  and  decoder  components

 into  an  end-to-end  trainable  model  with  skip  connections  via  zero-

 convolution  layers  to  preserve  fine  image  details  (  Fig.  1c).  Text  embed-

 dings  were  processed  through  a  CLIP  encoder  and  integrated  into  the

 generator  to  modulate  the  output  according  to  specified  tissue types.

 The  ST2HE  discriminator  is  based  on  CLIP  backbone,  following  the

 Vision-Aided  GAN  approach  [ 34].  Since  CLIP  provides  both  text  and

 image  embeddings,  the  image  embeddings  are  used  for  adversarial

 training,  ensuring  that  the  generated  images  align  semantically  with

 real  stained  images.  This  enables  the  model  to  enforce  realism  beyond

 tile-based  discrimination,  making  it  more  suitable  for  text-guided

 virtual  staining.  We  note  that  ST2HE  does  not  introduce  modifications

 to  the  Pix2Pix-Turbo  architecture  or  loss  functions.  Its  contributions

 are  methodological,  centered  on  a  principled  framework  for  bridging

 spatial  transcriptomics  and  computational  pathology  through  novel

 input  encoding  and  training  strategies  tailored  to  HR-ST  data.
 

Mathematically,  the  loss  function  of  the  Pix2Pix-Turbo  model  con-

 sists  of  three  terms,  the  adversarial  loss  in  equation  (  1),  the  reconstruc-

 tion  loss  in  equation  (  2),  and  the  CLIP  loss  in  equation  (  3):
 

Adversarial  loss  

L
 GAN  =  E  y

 [
 log  D

 (
 E

 img  (y)
 )]

 +  E
 x

 [
 log

 (
 1  −  D  ( E

 img  (  G  (  x  ,  t  ))
 ))]

 (1)

 where  G is  the  generator,  D  is  the  discriminator  operating  on  CLIP

 image  embeddings  E
 img  ( ·  )  ,  x  is  the  input  unstained  image,  y is  the

 corresponding  H&E-stained  image,  and  t  is  the  text  conditioning  input.
 

Reconstruction  loss  

L
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 [  ∣
 ∣
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 ]
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This  term  ensures  that  the  generated  images  remain  structurally

 similar  to  the  ground  truth  using  both  L2  and  LPIPS  perceptual  loss.
 

CLIP  loss  

L
 CLIP  =  −E

 x  ,t
 [

 cosine_similarity
 (

 E
 img  (  G  (  x,  t  ))  ,  E

 txt  (t  )
 )]

 (3)

 where  E
 txt  (  ·  )  represents  the  CLIP  text  embeddings,  ensuring  semantic

 alignment  between  the  generated  image  and  the  specified  tissue  type.
 

The  total  loss  function  is  given  by: 

G ∗  =  arg  min
 G
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 D

 L
 rec  +  λ

 GAN  L  GAN  +  λ CLIP  L  CLIP  (4)
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where  λ
 GAN   and  λ

 CLIP   are  weighting  factors  that  balance  adver-

 sarial  learning,  pixel-level  reconstruction,  and  text-image  align-

 ment.  The  detailed  architecture  of  the  ST2HE  generator,  condi-

 tional  control,  discriminator,  and  loss  components  is  provided  in

 Supplementary  Table  S1.
 

Model  training 

Training  the  ST2HE  model  leverages  paired  DAPI–H&E  patches  and,

 optionally,  tissue-specific  prompts  to  guide  the  model.  The  network

 was  trained  to  minimize  the  loss  function  equation  (  4)  so  that  it  pre-

 served  fine-grained  morphological  features,  maintained  global  tissue

 context,  and  ensured  semantic  consistency  with  the  target  tissue  type.
 

We  also  implemented  a  JSON  configuration  system  to  manage  train-

 ing  prompts.  In  the  conditional  setting,  each  training  input  was  paired

 with  a  tissue-specific  prompt  (e.g.  ‘This  is  a  {tissue}  H&E  image’).

 For  the  unconditional  setting,  all  samples  shared  a  generic  prompt

 (“dapi2he”).  These  text  prompts  were  embedded  via  CLIP  and  passed

 to  the  model  for  condition  generation  on  the  desired  tissue  type.
 

Additional  implementation  details,  training  environment  specifi-

 cations, and  optimization  settings  are  described  in  Supplementary

 Note  1. 

Downstream  analysis 

To  evaluate  the  utility of  the  generated  virtual  H&E  tiles, we  assessed

 their  suitability  for  downstream  histopathological  analyses  across

 three  distinct  datasets  representing  different  tissue  types  and  patho-

 logical  contexts.  Specifically,  we  tested  whether  the  generated  images

 could  support  tumor  subtype  annotations  using  pathology  foundation

 models. 

Pathology  Foundation  Model  
In  this  work,  we  leveraged  the  CONCH  (Contrastively  Aligned  Visual-

 Language  Pretraining)  foundation  model  to  enable  a  broad  spectrum

 of  downstream  histopathological analyses.  CONCH,  pretrained  on

 extensive  H&E  slide  datasets  with  paired  textual  annotations,  learns

 generalizable  visual-language  representations  that  are  well-suited

 for  interpreting  diverse  pathological  features.  Its  rich  embeddings

 capture  essential  aspects  of  tissue  architecture,  cellular  morphology,

 and  disease-specific  cues,  making  it  a  powerful  starting  point  for

 diagnostic  modeling.
 

Br  east  Cancer  Subtype  Classification  
Generated  H&E  tiles  were  first  produced  from  DAPI  images  overlaid

 with  spatial  transcript  coordinates,  following  the  same  input  prepa-

 ration  used  during  model  training.  These  virtual  H&E  tiles  served  as

 input  to  the  downstream  classification  workflow.  For  subtype  classi-

 fication,  the  CONCH  image  encoder  was  fine-tuned  using  the  BRACS

 dataset,  and  a  single  fully  connected  layer  was  appended  to the

 encoder  output  to  predict  diagnostic  subtypes,  including  benign,  atyp-

 ical  hyperplasia,  DCIS,  and  invasive  carcinoma.  This approach  allows

 the  model  to  leverage  the  fine-grained  morphological  information

 captured  in  the  generated  H&E  tiles  for  accurate  subtype  annotation.
 

NSCLC  Subtype  Classification  and  Tumor  Segmentation  
Virtual  H&E  tiles  were  generated  from  DAPI  images  with  spatial

 transcript  overlays  using  the  same  input  preparation  as  in  training.

 The  NanoString  NSCLC  dataset  provides  multiple  consecutive  DAPI

 and  transcript  stacks  per  sample.  For  testing,  we  used  the  center
 

stack,  while  the  surrounding  consecutive  stacks  were  used  to  generate

 virtual  H&E  images  for  model  fine-tuning.  Pathologist-provided sub-

 type  annotations  were  embedded  as  textual  prompts,  and  the  CONCH

 image  encoder  was  fine-tuned  on  the  generated  H&E  tiles  paired

 with  these  text  prompts.  Subtype  classification  for  the  test  stack  was

 then  performed  by  computing  the  similarity  between  generated  H&E

 embeddings  and  candidate  textual  prompts  representing  each  NSCLC

 subtype.
 

To  visualize  tumor  localization,  we  applied  a  64  ×  64  kernel  sliding

 over  the  generated  H&E  images  with  a  stride  of  16  pixels.  Each  kernel

 patch  was  scored  by  its  embedding  similarity to  the  tumor  text  prompt.

 The  resulting  scores  were  stacked  and  averaged  across  overlapping

 kernels  to  produce  a  normalized  heatmap,  which  was  then  smoothed

 using  a  Gaussian  filter  to  generate  a  continuous  representation  of

 tumor  probability.
 

KS  stage  tile  and  cor  e  classification 
for  the  KS  dataset,  lesions  were  classified  into  Patch,  Plaque,  and

 Nodular  stages,  reflecting  progressive  angio-proliferative  changes.

 Real  H&E  images  from  three  consecutive  slides  per  case,  paired

 with  pathologist  annotations,  were  used  to  fine-tune  the  CONCH

 image  encoder  with  an  appended  fully  connected  classification  layer.

 For  tile-level  predictions,  each  H&E  tile  was  classified  individually,

 capturing  local  morphological  features  such  as  vascular  patterns  and

 spindle  cell  density.  For  core-level  predictions,  we  aggregated  tile-

 level  scores  using  top-K  pooling,  assigning  the  KS  stage  based  on

 the  most  confident  tiles  within  a  core.  To  evaluate  the  robustness

 of  this  approach,  we  systematically  varied  K  across  a  range  of  values

 (K  =  1,  10,  50,  100,  200)  and  report  core-level  AUC  for  each  K  value

 in  Fig.  4g.
 

Evaluation  data 

To  assess  the  generalization  and  effectiveness  of  our  approach,  we

 curated  evaluation  datasets  spanning  three  distinct  pathological  con-

 texts. 

Br  east  Cancer  
Evaluation  was  conducted  on  the  Preview  FFPE  Human  Breast  Sample

 1,  a  Stage  IIB  HER2-positive  breast  cancer  tissue containing  both  DCIS

 and  invasive  carcinoma.  The  sample  was  analysed  using  the  Xenium

 In  Situ  platform  on  a  5  μ  m  FFPE  section  and  co-registered  with

 post-Xenium  H&E  and  immunofluorescence  (IF)  images  to  support

 spatially  resolved  tumor  and  microenvironment  analysis.  Cell  type

 annotations  for  this  dataset  were  adopted  directly  from  Janesick  et  al.

 [ 23],  and  were  not  generated  in  this  study.  Analyses  relying  on  these

 labels  therefore  inherit  the  assumptions  and  limitations of  the  original

 annotation  framework. 

Non-Small  Cell  Lung  Cancer  
Evaluation  utilized  NanoString  slides  lung5,  lung6,  and  lung9,  which

 represent  multiple  NSCLC  tumor  subtypes.  Detailed  pathological

 review  identified  complex  acinar,  micropapillary,  and  solid  subtypes.

 Subtype  annotations  were  provided  with  the  assistance  of  a  pathol-

 ogist.  These  samples  enabled  robust  testing  of  the  model’s  ability  to

 capture  morphological  diversity  and  spatial  transcriptomic  variation

 within  lung  tumors.
 

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag326#supplementary-data
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Kaposi’s  Sar  coma 
Evaluation  was  performed  using  an  in-house  dataset  generated  with

 the  Xenium  platform  (10×  Genomics)  on  three  slides  of  tissue  microar-

 rays,  each  comprising  of  16,  16,  11  tissues  cores  of  cutaneous  KS

 lesions  annotated  with  corresponding  KS  stages  (Patch,  Plaque,  and

 Nodular).  The  dataset  was  generated  using  the  Xenium  Human  Skin

 Gene  Expression  Panel  Kit  and  a  custom  designed  panel  including  a

 total  of  306  genes  targeting  key  major  skin  and  immune  cell  markers,

 inflammatory  and  angiogenic  regulators,  tumor-associated  genes,  and

 representative  KSHV  latent  and  lytic  genes.
 

Supplementary  materials  include  extended  methodological  details,

 architecture  specifications,  and  additional  figures  supporting  the  anal-

 yses  presented  in  this  study.
 

Key  Points 

• Introduces  ST2HE,  a  generative  framework  for  interpreting  spatial

 transcriptomics via  virtual  histology 

• Enables  platform-  and  tissue-agnostic  analysis  of  high-resolution

 spatial  transcriptomics  data  

• Bridges  molecular  and  morphological  information  to  support  his-

 tological  annotation  

• Facilitates  downstream  tissue  and  phenotype  analysis  using  com-

 putational  pathology  tools 
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