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Abstract  
Deep  learning  frameworks  have  been  developed  for  interpreting  single-cell  RNA  sequencing  (scRNA-seq)  data  and  have  demonstrated

 excellent  performance  across  a  range  of  tasks.  However,  existing  methods  remain  limited  in  their  ability  to  characterize  heterogeneity at

 the  individual  level.  To  address  this  gap,  we  present  scHILL,  a  framework  that  integrates  a  masked  autoencoder  (MAE)  with  a  multilayer

 perceptron  (MLP)  to  decipher  phenotypic  heterogeneity  arises  from  immune  cell  heterogeneity among  individuals  under  specific  disease

 conditions.  The  MAE,  pretrained  with  data  augmentation,  enables  self-supervised  feature  learning  without  labels  and  effectively  mitigates

 the  challenge  of  limited  sample  size.  The  MLP  further  generates  a  score  for  each  individual  to  quantify  the  functional  significance  of  cells

 and  genes.  Across  multiple  datasets,  scHILL  outperforms  existing  methods  in  phenotype prediction  and  reveals  individual-level  immune

 cell  heterogeneity  in  infectious  disease,  autoimmune  disease,  and  cancer.  scHILL  provides  a  generalizable  framework  for  interpreting

 individual-level  scRNA-seq  data,  thereby  facilitating  the  future  realization  of  personalized  medicine.
 

Keywords  single-cell  RNA  sequencing,  deep  learning,  immune  cell,  individual-level  heterogeneity,  self-supervised  learning,  personalized

 medicine  
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Introduction 

In  recent  years,  with  the  development  of  single-cell  RNA  sequencing

 (scRNA-seq)  technologies,  numerous  scRNA-seq  datasets  have  been

 generated,  significantly  advancing  our  understanding  of  diseases,

 such  as  infectious  diseases,  autoimmune  diseases,  and  cancer.  Mean-

 while,  several  databases  have  been  established  to  integrate  these

 datasets,  including  the  Human  Cell  Atlas  (HCA)  [ 1],  CZ  CELLxGENE  [ 2],

 and  the  Tabula  Sapiens  [ 3].  Benefiting  from  the  growth  in  data  vol-

 ume  and  inspired  by  the  excellent  performance  of  large  language

 models  (LLMs)  in  natural  language  understanding  [ 4– 7],  researchers

 have  developed  LLM-based  single-cell  foundation  models,  such  as

 scGPT  [ 8],  Geneformer  [ 9],  scFoundation  [ 10],  and  GeneCompass  [ 11].

 These  single-cell  foundation  models  conceptualize  each  cell  as  a  sen-

 tence,  with  the  expressed  genes  and  their  corresponding  expres-

 sion  levels  treated  as  words.  By  learning  the  patterns  of  gene  co-

 expression  and  contextual  dependencies,  these  models  capture  the
 

semantic  representations  underlying  cellular  states  and  identities,  and

 demonstrate  outstanding  performance  across  various  downstream

 tasks,  including  batch  integration,  cell  annotation,  and  drug  sensitivity

 prediction  [ 12].  However,  these  models  primarily  pool  cells  across

 individuals  and  focusing  on  cellular-level  heterogeneity.  As  a  conse-

 quence,  individual-level  heterogeneity  in  cellular  composition  is  often

 obscured,  for  instance,  the  different  constituents  of  immune  cells  [ 13].

 If  each  cell  is  a  sentence,  each  individual is  a  book  containing  trillions

 of  sentences.  Therefore, there  is  an  urgent  need  to  utilize scRNA-seq

 data  to  decipher  heterogeneity  at  the  individual  level.
 

To  address  this  problem,  several  explainable  models  have  been

 developed  to  predict  an  individual’s  phenotype  from  scRNA-seq  data,

 providing  new  insights  into  disease  progression.  PHASE  utilizes a

 self-attention  module  for  cell  embedding  learning,  followed  by  a

 pivotal  attention-based  deep  multiple instances  learning  module

 that  aggregates  all  single-cell  information  within  a  sample  to  predict
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phenotype  [ 14].  singleDeep  first  trains  deep  feed-forward  artificial

 neural  networks  for  each  cell  type,  then  uses  a  weighted  voting

 mechanism  to  integrate  the  predictions  from  each  cell  type  and

 produce  the  final  phenotype  prediction  for  the  sample  [ 15].  CloudPred

 models  each  patient’s  data  as  a  mixture  of  Gaussians  and  predicts

 the  phenotype  based  on  the  distributions  of  the  means  and  covari-

 ances  [ 16]. Deep  sets  leverages  permutation-invariant  functions  to

 fit  scRNA-seq  data  from  each  sample  [ 17].  These  models  performed

 well  in  supervised  phenotype  prediction,  for  instance,  coronavirus

 disease  2019  (COVID-19)  disease  severity  prediction  and  systemic

 lupus  erythematosus  (SLE)  diagnosis.  However,  as  these  models  are

 based  on  supervised  learning,  they  primarily  characterize  differences

 between  patients  and  healthy  controls,  failing  to  reveal  heterogeneity

 among  patients,  which  is  critical  for  advancing  personalized  medicine

 [ 18– 21].  Notably,  patients  assigned  the  same  phenotype  label  can

 exhibit  markedly  different  clinical  trajectories.  For  example,  among

 individuals  classified  as  severe  cases  of  COVID-19,  some  eventually

 recover,  whereas  others  progress  to  fatal  outcomes  [ 22]. These

 observations  highlight  the  urgent  need  for  approaches  capable  of

 elucidating  the  heterogeneity  among  individuals  who  share  the  same

 phenotype label.
 

In  this  work,  we  developed  scHILL  (scRNA-seq  data  for  deciphering

 the  Heterogeneity  at  the  Individual-Level),  a  model  leveraging  masked

 autoencoder  (MAE)-based  encoders  and  multilayer  perceptron  (MLP)-

 based classifiers  to  decipher  the  phenotypic  heterogeneity  arises  from

 immune  cell  heterogeneity  among  individuals  under  specific  disease

 conditions  [ 23,  24].  MAE  is  built  upon  the  Vision  Transformer  (ViT)

 [ 25],  which  models  global  dependencies  among  tokens  through  self-

 attention.  Therefore,  MAE  integrates  discrete  gene  expression  val-

 ues  into  individual-level  representations.  We  also  performed  data

 augmentation  during  pretraining,  overcoming  the  bottleneck  of  lim-

 ited  sample  sizes.  scHILL  outperformed  other  methods  across  several

 datasets  in  benchmarking  studies,  demonstrating  its  generalization

 ability.  Moreover,  scHILL  revealed  the  individual-level  immune  cell

 heterogeneity  across  all  three  conditions,  including  infectious  disease,

 autoimmune  disease,  and  cancer.  Taken  together,  scHILL  provides

 new  insights  into  the  processing  and  interpretation  of  individual-

 level  scRNA-seq  data,  facilitating  the  development  of  personalized

 medicine,  and  the  discovery  of  new  therapeutic  targets.
 

Materials  and  methods  

Data  collection 

We  collected  five  publicly  available  scRNA-seq  datasets  derived  from

 PBMCs  of  COVID-19  patients  and  healthy  donors,  including  the  SC4

 alliance  dataset  [ 22],  the  COMBAT  dataset  [ 26],  the  Haniffa  dataset

 [ 27],  the  Yoshida  dataset  [ 28],  and  the  Ye  dataset  [ 29]  ( Table  S1).  For

 each  dataset,  we  only  retained  samples  with  more  than  4000  cells  and

 10  000  genes.  We  collected  one  publicly  available  scRNA-seq  dataset

 derived  from  PBMCs  of  JDM  patients  and  healthy  donors,  and  retained

 only  samples  with  more  than  1000  cells  [ 30].  Ultimately,  15  JDM  cases

 and  5  healthy  donors  were  retained.  We  collected  a  publicly  available

 scRNA-seq  dataset  derived  from  B  cells  and  plasma  cells  across  6

 organs  and  retained  only  samples  with  more  than  224  cells  [ 31].

 Ultimately,  24  tumor  samples  and  19  adjacent  non-tumor  samples

 were retained.  For  each  sample  across  all  datasets,  we  performed

 quality  control  using  scanpy  (version  1.11.4).  Mitochondrial  genes

 were  annotated  based  on  gene  names  beginning  with  the  prefix
 

“MT-”.  Quality  control  metrics  were  computed  using  these  mitochon-

 drial  genes.  Cells  with  fewer  than  200  detected  genes  or  with  more

 than  10%  of  total  counts  derived  from  mitochondrial  genes  were

 excluded  from  subsequent  analyses.  Furthermore,  genes  expressed  in

 fewer  than  three  cells  were  filtered  out. 

Model  pretraining 

In  each  pretraining  epoch  for  COVID-19  cases,  we  first  randomly

 selected  a  sample  and  accessed  its  expression  matrix,  X  ∈  R  M  ×  N  ,
 where  M  represented  the  number  of  cells  and  N  represented  the

 number  of  genes.  We  then  sorted  X  by  arranging  the  columns  in

 descending  order  according  to  their  mean  expression  levels,  and  only

 the  top  2500  genes  with  the  highest  mean  expression  were  retained  for

 subsequent  analysis.  Next,  we  sorted  the  rows  in  descending  order  by

 the  value  in  the  first  column  (i.e.  the  expression  level  of  the  gene  with

 the  highest  mean  expression  across  cells)  and  finally  obtained  X
 sorted  ∈

 R
 M  ×  2500

 .  Then,  X
 sorted  was  randomly  cropped  to  a  smaller  one,  X

 ramdom

 ∈  R  4000  ×  2500
 with  4000  cells  and  2500  genes.  The  matrix  was  then  split

 row-wise  into  three  sub-matrices  X
 1  ,  X 2  ,  and  X

 3  ,  with  1000,  1000,  and

 2000  rows,  respectively.  To  fit  the  input  sizes  of  MAE,  these  three  sub-

 matrices  were  projected  into  matrices  with  the  size  448  ×  448  as:  

X
 i  A  i  =  X input,i  ,  i  =  1,  2,  3,  (1)

 where  A
 i  was  the  trainable  projection  matrix  for  each  X

 i  and  X
 input,  i  ∈

 R
 448  ×  448

 represented  the  projected  matrix.
 

To  reduce  the  loss  of  information  caused  by  projection,  we  utilized

 mean  square  error  (MSE)  as  the  loss  function  to  optimize  A
 i  : 

X
 reconstruction,i  =  X input,i  A  i

 +
 ,  i  =  1,  2,  3  (2)

 

Projecton  loss  =  MSE
 (

 X
 i  ,  X reconstruction,i

 )
 ,  (3)

 where  A
 i

 +
 represented  the  pseudoinverse  of  A

 i  .
 

To  perform  data  augmentation,  we  then  randomly  accessed  a  group

 of  coefficients  to  generate  new  samples  as  follows:  

3
 ∑

 i=1

 a
 j,i  =  1,  i  =  1,  2,  3,  j  =  1,  ...,  17  (4)

 

X
 j  =

 3
 ∑

 i=1

 a
 j,i  X input,i  ,  (5)

 where  a
 j,  i  represented  the  coefficient  for  X

 input,  i  in  the  j-th  group.
 

After  that,  X
 input,  i  and  X

 j  were  combined  into  the  tensor  I  ∈
 R

 20  ×  448  ×  448
 ,  representing  20  samples  with  the  size  of  448  ×  448,  as

 the  input  of  MAE.
 

For  each  sample  I
 k  ∈  R  448  ×  448

 in  I  ,  MAE  first  divided  it  into  784

 uniform  patches  of  size  16  ×  16,  then  masked  60%  of  the  patches  at

 random.  Consequently,  I
 k  was  divided  into  I

 masked  ∈  R  470  ×  16  ×  16
 and

 I
 unmasked  ∈  R  314  ×  16×16

 .  After  that,  I
 unmasked  was  transformed  into  the

 latent  vector  L
 k  ∈  R  470  ×  256

 using  the  MAE  encoder,  and  all  the  patches,

 including  masked  patches,  were  reconstructed  by  the  MAE  decoder

 using  L
 k  .  The  calculation  of  the  reconstruction  loss  only  considered

 the  masked  patches,  as  follows:  

Loss  =  MSE  (  I
 masked  ,  S  (  D  ( E(I

 unmasked  )  )))  ,  (6)

 where  E(x),  a  six-layer  transformer,  and  D(x),  a  four-layer  transformer,

 represented  the  encoder  and  decoder  of  MAE,  respectively,  and  S(x)

 represented  the  selection  of  masked  patches.  MAE  finally  summed
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the  Loss  of  each  sample  in  I
 k  and  optimized  the  parameters  in  E(x)

 and  D(x).
 

The  pretraining  processes  for  JDM  cases  and  cancer  cases  were

 broadly  similar  to  those  for  COVID-19,  with  only  minor  differences.

 In  both  cases,  the  expression  matrix  X  ∈  R  M  ×  N  was  sorted  using  the

 same  scheme  as  for  COVID-19,  with  only  one  modification:  the  top  500

 and  5000  genes  with  the  highest  mean  expression  were  retained  in  the

 X
 sorted  of  JDM  and  cancer,  respectively.  The  X

 random  was  still  randomly

 cropped  from  the  X
 sorted  ,  but  its  size  was  changed  to  224  ×  224.  Then,

 we  directly  took  X
 sorted  as  I  without  operating.  For  I

 k  ∈  R  224  ×  224
 ,

 MAE  first  divided  it  into  64  uniform  patches  of  size  28  ×  28,  and  then

 masked  60%  of  the  patches.  Consequently,  I
 k  was  divided  into  I

 masked

 ∈  R  38  ×  28  ×  28
 and  I

 unmasked  ∈  R  26  ×  28×28
 .  The  loss  function  was  also

 calculated  as  in  Equation  (  6),  where  E(x)  was  a  two-layer  transformer,

 and  D(x)  was  a  one-layer  transformer.
 

Transforming  the  expression  matrices  into  latent
 representations 

In  the  COVID-19  case,  for  the  expression  matrix  X
 COVID-19  ∈  R  M  ×  N

 per  sample,  we  retained  only  the  2240  highly variable  genes  (HVGs),

 except  for  the  Haniffa  dataset  (896  HVGs  remaining).  The  HVGs

 were  calculated  using  the  pp.highly_variable_genes  function  in  scanpy

 (version  1.11.4)  based  on  whole-sample  data  for  each  dataset.  To

 eliminate  cells  with  lower  activity,  we  sorted  the  rows  by  descending

 RPS18  expression,  a  housekeeping  gene  that  regulates  translation,

 and  reserved  the  top  2240  cells. Finally,  we  got  X
 COVID-19-sorted  ∈

 R
 2240  ×  2240  (896)

 .  Then,  X
 COVID-19-sorted  was  divided  into  25  uniform

 patches  (10  for  the  Haniffa  dataset)  of  size  448  ×  448,  and  we

 took  them  as  the  input  I
 COVID-19  ∈  R  25  (10)  ×  448  ×  448

 .  The  pretrained

 encoder  E
 COVID-19  (x)  of  the  MAE  with  frozen  parameters  was

 then  utilized  to  transform  I  to  the  latent  representation  L
 COVID-19

 ∈  R  25  (10)  ×  784  ×  256
 .

 

In  the  JDM  case,  for  the  expression  matrix  X
 JDM  ∈  R  M  ×  N  of  each

 sample,  we  firstly  retained  224  HVGs.  The  HVGs  were  calculated  with

 the  pp.highly_variable_genes  function  of  scanpy  (version  1.11.4)  based

 on  each  sample.  Then,  we  sorted  the  rows  by  variance  in  descending

 order  and  reserved  the  top  224  cells.  Finally,  we  obtained  X
 JDM-sorted  ∈

 R
 224  ×  224

 ,  which  was  directly  used  as  the  input  I
 JDM  ∈  R  1  ×  224  ×  224

 .  The

 pretrained  encoder  E
 JDM  (x)  of  the  MAE,  with  its  parameters  frozen,

 was  then  utilized  to  transform  I
 JDM  to  the  latent  representation  L

 JDM

 ∈  R  1  ×  64  ×  64
 .

 

In  the  cancer  case,  for  the  expression  matrix  X
 cancer  ∈  R  M  ×  N  of  each

 sample,  we  retained  896  HVGs.  The  HVGs  were  calculated  using  the

 pp.highly_variable_genes  function  of  scanpy  (version 1.11.4)  based  on

 the  whole-sample  dataset.  Then,  we  sorted  the  rows  in  descending

 order  by  FCRL4  expression  level,  which  has  been  reported  as  a  marker

 of  tumor-enriched  B  cells,  and  reserved  the  top  224  cells.  Finally,

 we  got  X
 cancer-sorted  ∈  R  224  ×  896

 .  Then,  X
 cancer-sorted  was  divided  into  3

 uniform  patches  of  size  224  ×  224,  and  we  took  them  as  the  input

 I
 cancer  ∈  R  3  ×  224  ×  224

 .  The  pretrained  encoder  E
 cancer  (x)  of  the  MAE  with

 frozen  parameters  was  then  utilized  to  transform  I
 cancer  to  the  latent

 representation  L
 cancer  ∈  R  3  ×  64  ×  64

 .
 

Model  fine-tuning  for  phenotype  prediction 

In  the  COVID-19  cases,  there  were  three  label  types:  healthy  control,

 severe  COVID-19,  and  mild  COVID-19.  Fine-tuning  was  performed

 with  two  MLP-based  classifiers:  one  for  predicting  health  or  disease,

 and  the  other  for  predicting  disease  severity.  Meanwhile,  each  dataset
 

was  fine-tuned  separately.  The  MLPs  were  constructed  from  fully

 connected  neural  networks  with  one  input  layer,  one  output  layer,  and

 three  latent  layers.
 

We  first  used  Classifier
 1  to  determine  whether  the  sample  was  from

 a  COVID-19  patient  or  a  healthy  control.  If  the  sample  was  considered  a

 patient,  we  used  Classifier
 2  to  determine  whether  it  was  from  a  severe

 patient  or  a  mild  patient.  We  utilized  cross-entropy  loss  to  calculate  the

 loss  of  phenotype  prediction  as  follows:  

z  =  MLPi
 (

 L
 COVID−19,i,j

 )
 (7)

 

CE  =  −  log

 ⎛
 ⎜
 ⎜
 ⎜
 ⎝

 e z  R

N
 ∑

 n=1

 e z  n

 ⎞
 ⎟
 ⎟
 ⎟
 ⎠  ,  (8)

 where  z  denoted  the  result  of  prediction;  MLP
 i  (x)  denoted  the  i-th

 MLP-based  classifier,  including  Classifier
 i  ,1  and  Classifier

 i  ,2  for  the  i-th

 training  set;  L
 COVID-19,  i  ,  j  denoted  the  latent  representation  of  the  j-th

 sample  in  the  i-th  training  set;  CE  denoted  the  cross-entropy  loss;  N

 denoted  the  types  of  labels;  z
 n  denoted  the  probability  of  the  sample

 for  the  n-th  class;  and  z
 R  denoted  the  probability  of  the  sample  for  the

 real  label  R. 

In  the  JDM  case,  there  were  two  label  types:  healthy  controls  and

 JDM.  Fine-tuning  was  performed  with  a  single  MLP  classifier,  with  one

 input  and  one  output  layer.  The  process  of  computing  the  prediction

 loss  followed  Equations  (  7)  and  (  8),  except  that  the  input  to  Equation

 ( 7)  was  changed  to  L
 JDM,  i  ,  j  .

 

Benchmarking  the  performance  of  phenotype
 prediction  

For  the  five  COVID-19  datasets  and  one  JDM  dataset  used  for  phe-

 notype  prediction,  we  split  them  into  training,  validation,  and  test

 sets  with  proportions  of  60%,  20%,  and  20%,  respectively.  We  bench-

 marked  scHILL  against  PHASE  [ 14],  singleDeep  [ 15],  CloudPred  [ 16],

 and  DeepSets  [ 17]. The  methods  for  data  preprocessing,  training,

 validation,  and  testing  were  consistent  with  the  previously  reported

 schemes  for  each  model. 

Model  fine-tuning  for  score  generation 

In  the  COVID-19  case,  we  utilized  five-fold  cross-validation  to  generate

 scores  for  each  patient  in  the  SC4  alliance  dataset.  For  each  fold,  we

 fine-tuned  scHILL  for  500  epochs  and  retained  the  model  with  the

 highest  MCC.  We  then  utilized  the  saved  model  to  generate  scores

 for  patients  in  the  testing  set.  The  softmax  function  was  applied  to

 transform  the  outputs  of  Classifier
 2  into  2  probabilistic  values  that  sum

 to  1,  representing  the  probabilities  of  mild  and  severe  COVID-19  cases,

 respectively.  Finally,  the  scores  were  calculated  as  follows:  

Score  =  1  ×  P
 mild  +  2  ×  P severe  ,  (9)

 where  P
 mild  and  P

 severe  denoted  the  probability  of  COVID-19  mild  cases

 and  COVID-19  severe  cases,  respectively.  As  P
 mild  ∈  [0,  1],  P

 severe  ∈  [0,  1],

 and  their  sum  equaled  one,  it  followed  that  Score  ∈  [1,  2],  with  values

 near  1  corresponding  to  the  mild  cases  and  those  near  2  to  the  severe

 cases. 

In  the  JDM  case,  the  fine-tuning  method  was  the  same  as  for  COVID-

 19.  In  each  fold,  we  utilized  the  saved  model  to  generate  scores  for

 patients.  The  softmax  function  was  applied  to  transform  the  model
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outputs  into  2  probabilistic  values,  P
 health  and  P

 JDM  ,  which  summed

 to  1  and  represented  the  probabilities  of  healthy  controls  and  JDM

 patients,  respectively.  For  each  JDM  patient,  P
 JDM  was  directly  used

 as  the  Score. 

For  both  the  COVID-19  and  JDM  cohorts,  we  performed  the  above

 processes  five  times,  and  the  average  of  the  resulting  scores  was  used

 as  the  final  score  for  each  patient.
 

The  correlation  coefficients  and  regression  coefficients  between

 scHILL  scores  and  gene  expression  levels  was  calculated  with  the

 pearsonr()  and  LinearRegression()  function  of  Python  (version  3.12),

 respectively.  For  each  individual,  we  used  the  mean  expression  level

 across  all  cells  as  the  individual’s  gene  expression  level.  Genes  with

 |regression  coefficients|  >  0.5  and  |Pearson’s  r|  >  0.5  were  desig-

 nated  as  high-impact  genes.
 

Single-cell  analysis 

All  single-cell  analyses  in  this  study  were  performed  in  RStudio  (ver-

 sion  2023.6.2.561)  based  on  R  (version  4.3.1).  For  each  dataset,  we  first

 used  the  log1p  function  to  transform  the  expression  matrices,  and  then

 used  the  cell  type  annotations  from  the  original  studies  for  subsequent

 analyses.
 

Pseudo-time  analysis  was  performed  by  monocle  (version  2.28.0).

 Genes  with  lower  expression  levels  were  eliminated  from  the

 pseudo-time  analysis  by  the  dispersionTable  function  with  the

 condition  “mean_expression  >=  0.0001  &  dispersion_empirical  >=

 1  ∗  dispersion_fit”.  Dimensional  reduction  was  performed  with  the

 reduceDimension  function  with  parameters  “max_components  =  2,

 method  =  “DDRTree”. 

Differential  gene  expression  analysis  was  performed  by  the  Find-

 AllMarkers  function  of  Seurat  (version  5.3.0),  with  the  parameters

 “only.pos  =  TRUE,  min.pct  =  0.25,  logfc.threshold  =  0.25”.
 

Cytotoxicity  scores  of  CD8  +  T  cells  in  the  COVID-19  case  were

 calculated  with  the  AddModuleScore  function  of  Seurat.  Twelve  pre-

 viously  reported  cytotoxicity-associated  genes  [ 32],  including  PRF1,

 IFNG,  GNLY  ,  NKG7  ,  GZMB,  GZMA,  GZMH  ,  KLRK1,  KLRB1,  KLRD1,

 CTSW  ,  and  CST7  ,  were  used  to  define  the  cytotoxicity  score.
 

Results  

Overview  of  scHILL 

The  scHILL  consists  of  two  parts:  an  MAE-based  encoder  that  trans-

 forms  expression  matrices  into  a  latent  space  and  an  MLP-based

 classifier  (  Fig.  1a).  These  two  parts  are  trained  during  the  pretraining

 and  fine-tuning  stages,  respectively.  The  pretraining  stage  is  self-

 supervised,  requiring  neither  cell-type  annotations  nor  phenotype

 labels,  and  uses  only  single-cell  expression  matrices  as  input,  enabling

 scHILL  to  learn  the  characteristics  of  each  individual adequately.

 Meanwhile,  this  also  allows  scHILL  to  discover  new  groups  beyond

 those  known  labels.  Because  single-cell  expression  matrices  are  large,

 scHILL  first  crops  them  into  smaller  fixed-size  matrices.  One  single-

 cell  expression  matrix  can  be  split  into  multiple  smaller  matrices,

 enabling  our  scheme  to  process  the  expression  matrix  and  overcom-

 ing  the  bottleneck  that  small  sample  sizes  impose  on  self-supervised

 pretraining  at  the  individual  level.  After  that,  the  MAE  randomly

 masks  the  cropped  matrices.  The  masked  matrices  are  taken  as  inputs

 and  then  transformed  into  the  latent  space.  The  encoder  of  MAE

 is  based  on  ViT,  which  is  capable  to  capture  global  dependencies

 through  self-attention.  Therefore,  the  encoder  integrates  discrete  gene
 

expression  values  into  individual-level  representations.  Finally,  the

 decoder  recovers  the  matrices,  and  the  reconstruction  losses  between

 outputs  and  inputs  are  used  to  optimize  the  model  parameters.  The

 masking  and  reconstruction  mechanism  randomly  removes  a  sub-

 stantial  proportion  of  input  features  and  requires  MAE  to  reconstruct

 them  using  only  the  visible  subset.  This  forces  the  encoder  to  rely  on

 global  signals  rather  than  noises  and  artifacts.
 

In  the  fine-tuning  stage,  the  pretrained  encoder  is  frozen,  and  only

 the  MLP-based  classifier  is  trained.  The  classifier  predicts  phenotypes

 and  generates  scores  for  each  individual,  facilitating  the  identification

 of  cells  and  genes  that  contribute  to  individual-level  heterogeneity.

 Moreover,  because  individuals with  the  same  phenotype  label  may

 have  variable  scores,  scHILL  not  only  distinguishes  distinct  phenotype

 groups  (e.g.  disease  versus  health)  but  also  reveals  heterogeneity

 within  each  phenotype  group.  Taken  together,  scHILL  provides a  new

 framework  for  individual-level  interpretation  of  scRNA-seq  data  and

 offers  a  complementary  dimension  to  disease  assessments  (  Fig.  1b).
 

Robust  phenotype  prediction  and  biological
 interpretability  of  scHILL 

To  evaluate  the  feasibility  of  scHILL,  we  assessed  its  performance

 in  phenotype  prediction,  using  three  publicly  available  scRNA-seq

 datasets  derived  from  peripheral  blood  mononuclear  cells  (PBMCs)

 of  COVID-19  patients  and  healthy  donors,  namely  the  SC4  alliance

 dataset  [ 22],  the  COMBAT  dataset  [ 26],  and  the  Haniffa  dataset  [ 27].

 The  samples  are  categorized  into  three  clinical  groups  (  Table  S1),

 including  39  healthy  controls,  74  mild  COVID-19  cases,  and  79  severe

 COVID-19  cases.  We  first  performed  self-supervised  pretraining  on

 the  combined  dataset,  then  fine-tuned  on  each  dataset.  The  perfor-

 mance  of  scHILL  was  then  benchmarked  against  PHASE,  singleDeep,

 CloudPred,  and  Deep  Sets,  using  precision,  recall,  and  F1-score  as

 evaluation  metrics.  The  result  of  benchmarking  exhibited  that  scHILL

 achieved  the  best  performance  on  the  SC4  alliance  dataset  and  COM-

 BAT  dataset,  and  showed  comparable  performance  to  PHASE  on  the

 Haniffa  dataset  (  Fig.  2a–c).  Since  the  classifier  of  scHILL  used  in  the

 fine-tuning  stage  was  merely  a  simple  four-layer  MLP,  these  results

 demonstrated  that  the  pretrained  encoder  possessed  a  strong  capabil-

 ity  of  feature  extraction  and  representation.  To  further  assess  scHILL’s

 generalization  capability,  we  collected  two  additional  datasets  not

 included  in  the  pretraining  stage  [ 28,  29].  We  froze  the  parameters  of

 the  pretrained  encoder  and  fine-tuned  the  classifier  on  each  dataset

 separately.  scHILL  consistently outperformed  all  other  models  across

 these  datasets,  demonstrating  its  robust  performance  across  diverse

 single-cell  cohorts  (  Fig.  S1).
 

To  further  investigate  the  biological  interpretability  of  scHILL,  we

 next  examined  the  high-impact  genes  identified  by  the  model.  scHILL

 identified  696  high-impact  genes  with  substantial  contributions  to

 phenotype  prediction  in  the  SC4  alliance  dataset.  Given  that  age  also

 affects  immune  cells  [ 33],  we  then  performed  a  correlation  analy-

 sis  between  age  and  gene  expression  levels.  Consequently,  only  24

 genes  showed  strong  correlations  with  ages  (|Pearson’s  r|  >  0.5),

 demonstrating  that  the  scHILL  scores  more  faithfully  reflected  intrin-

 sic  transcriptional  programs.  We  then  performed  Gene  Ontology  (GO)

 enrichment  analysis  on  the  high-impact  genes  and  found  that  they

 were  primarily  enriched  in  T  cell-related  pathways  (  Fig.  S2a),  which

 was  in  line  with  the  previous  findings  that  T  cells  were  abundant  and

 variable  in  the  PBMCs  in  COVID-19  patients  [ 22,  32– 35].  To  further

 verify  the  robustness  of  scHILL,  we  conducted  the  same  analysis  on
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Figure  1  Overview  of  the  scHILL  framework  and  workflow.  (a)  The  training  process  of  scHILL.  The  first  step  is  the  self-supervised  pretraining  of  MAE,
 in  which  the  encoder  transforms  the  expression  matrices  into  the  latent  space  and  then  the  decoder  reconstructs  the  masked  patches,  aiming  for
 improving  the  capability  of  the  encoder  to  capture  the  meaningful  features  in  the  single-cell  expression  matrices.  The  second  step  is  the  supervised  fine-
 tuning  of  MLP-based  classifier,  in  which  the  MLP  predicts  the  phenotypes  of  samples  and  generates  scores  for  subsequent  analyses.  (b)  Downstream
 tasks  enabled  by  scHILL.  

the  COMBAT  dataset.  Ultimately,  a  total  of  364  genes  were  identified

 as  high-impact  genes,  and  none  showed  a  strong  correlation  with  age

 (|Pearson’s  r|  >  0.5).  Moreover,  GO  enrichment  analysis  also  revealed

 that  the  high-impact  genes  were  significantly  enriched  in  T  cell-related

 pathways  (  Fig.  S2b).  Taken  together,  scHILL  exhibited  excellent  per-

 formance  in  phenotype  prediction  and  generated  biologically  inter-

 pretable  scores.
 

scHILL  enables  finer  stratification  of  patients  and
 reveals  distinct  immune  subgroups  

Finer  stratification  of  patients  is  a  fundamental  prerequisite  for  the

 realization  of  personalized  medicine.  At  the  cellular  level,  out-of-

 distribution  (OOD)  cells  deviate  from  established  cellular  paradigms

 due  to  their  distinct  molecular  characteristics,  reflecting  heterogeneity

 across  disease  states  [ 36– 38].  Extending  this  concept  to  the  individual

 level,  we  hypothesized  that  scRNA-seq  data  can  also  be  used  to  identify

 OOD  patients  for  finer  stratification.  To  this  end,  we  assumed  that  mild
 

and  severe  COVID-19  patients  each  followed  a  distinct  distribution

 of  scHILL  scores  and  fitted  these  distributions  using  Gaussian  mix-

 ture  models  (GMMs)  in  the  SC4  alliance  dataset.  The  result  revealed

 a  bimodal  distribution  corresponding  to  mild  patients  (mean  =  1.36,

 standard  deviation  =  0.23)  and  severe  patients  (mean  =  1.82,  standard

 deviation  =  0.16)  (  Fig.  3a).  Subsequently,  mild  patients  with  scHILL

 scores  greater  than  1.59  (1.36  +  0.23)  were  designated  as  OOD-mild

 patients.  Meanwhile,  severe  patients  with  scHILL  scores  lower  than

 1.66  (1.82–0.16)  were  designated  as  OOD-severe  patients.  In  total,  3  out

 of  14  mild  patients  and  6  out  of  26  severe  patients  were  in  the  OOD-

 mild  and  OOD-severe  groups,  respectively.  Notably,  only  1  OOD-severe

 patient,  aged  92—the  oldest  among  all  participants—died,  whereas

 5  of  the  20  severe  patients  succumbed  (odds  ratio  =  1.67),  suggesting

 that  our  classification  scheme  effectively  delineated  clinically  relevant

 heterogeneity.
 

To  assess  the  biological  significance  of  our  finer  stratification  in

 COVID-19  patients,  we  first  compared  the  proportions  of  different  cell

 types.  Across  all  groups,  CD8  +  T  cells,  CD4  +  T  cells,  and  monocytes
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Figure  2  Performance  of  scHILL  and  other  models  on  phenotype  prediction.  (a–c)  The  precision,  recall,  and  F1-score  of  each  model  in  COVID-19
 severity  prediction  (totally  three  phenotypes,  including  heath,  mild,  and  severe)  with  SC4  alliance  dataset  (a),  COMBAT  dataset  (b),  and  Haniffa  dataset
 (c),  respectively.  

were  consistently  the  three  most  abundant  cell  types  (  Fig. S3),

 reflecting  a  shared  feature  of  the  immune  landscape.  Nevertheless,

 the  proportions  of  cell  types  differed  significantly  between  groups

 (F  =  2.144,  P  =  .038),  motivating  a  more  detailed  examination  of

 specific  cell  populations.  In  cell-mediated  immunity,  previous  reports

 indicated  that  CD8  +  T  cells  were  significantly  decreased  in  PBMCs

 from  severe  patients  compared  with those  from  mild  patients  [ 22,  26,

 27,  32].  However,  in  our  analysis,  although  the  median  proportion

 of  CD8  +  T  cells  gradually  decreased  across  groups,  the  difference

 between  the  mild  group  and  OOD-severe  group  was  not  statistically

 significant  (  Fig.  3b).  This  phenomenon  was  also  observed  in  several
 

subtypes  of  CD8  +  T  cells,  such  as  T_CD8_c04-COTL1,  T_CD8_c05-

 ZNF683,  T_CD8_c07-TYROBP,  T_CD8_c08-IL2RB,  T_CD8_c12-MKI67  -

 TYROBP,  and  T_CD8_c13-HAVCR2  (  Fig.  S4).  We  further  calculated

 cytotoxicity  scores  for  CD8  +  T  cells  to  evaluate  their  capacity  to

 eliminate  infected  cells  and  found  that  the  mild,  OOD-mild,  and

 OOD-severe  groups  showed  comparable  distributions  of  scores.  In

 contrast,  the  severe  group  had  significantly  lower  cytotoxicity  scores

 ( Fig.  3c).  For  humoral  immunity,  we  found  that  the  OOD-mild  group

 exhibited  a  significantly  higher  proportion  of  B  cells  than  the  mild

 group.  This  feature  has  previously  been  reported  only  in  severe

 COVID-19  cases  (  Fig.  3d)  [ 22,  26,  27,  32].  In  contrast,  the  OOD-severe
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Figure  3  Finer  stratification  of  COVID-19  patients  and  the  immune  characteristics  of  two  new  groups.  (a)  The  fitted  distribution  of  scHILL  scores  for
 mild  and  severe  COVID-19  patients.  The  vertical  lines  denote  the  boundary  of  OOD-patients  (1.59 for  OOD-mild  and  1.66  for  OOD-severe,  respectively).
 (b)  Proportion  of  CD8 +  T  cells  in  each  group.  (c)  Cytotoxicity  scores  of  CD8 +  T  cells  in  each  group.  (d)  Proportion  of  B  cells  in  each  group.  (e)  Proportion
 of  plasma  cells  in  each  group.  Components  of  the  box  plot  are:  center  line,  median  value;  box  limits,  upper  and  lower  quartiles;  whiskers,  1.5×
 interquartile  range.  The  Mann–Whitney  U  test  was  used  to  calculate  the  statistical  significance  (P-value,  with  ns  >  0.05,  ∗  <  0.05,  ∗∗

 <  0.01,  ∗∗∗
 <  0.001,

 and  ∗∗∗∗
 <  0.0001). 

group  showed  a  proportion  of  B  cells  similar  to  that  of  the  mild

 group,  and  this  was  also  observed  across  B  cell  subtypes  (  Figs  3d

and  S5).  Subsequent  analysis  of  plasma  cells  revealed  no  significant

 difference  between  the  OOD-mild  and  mild  groups  (  Fig.  3e),  suggesting

 that  the  elevated  B  cells  in  the  OOD-mild  group  did  not  differentiate

 into  plasma  cells.  To  verify  the  robustness  of  our  findings,  we  then

 performed  the  same  analyses  using  the  COMBAT  dataset  and  found
 

the  consistent  characteristics  of  CD8  +  T  cells  and  B  cells  (  Fig.  S6).

 These  results  indicated  that  scHILL  enabled  finer  stratification  of

 patients  and  revealed  distinct  immune  characteristics  in  both  cell-

 mediated  and  humoral  immunity.  Specifically,  OOD-severe  patients

 exhibited  cell-mediated  immune  profiles  similar  to  mild  patients,

 whereas  OOD-mild  patients  resembled  severe  patients  in  humoral

 immunity.
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scHILL  reveals  potential  therapeutic  targets  and
 facilitates drug  repurposing  

Juvenile  dermatomyositis  (JDM)  is  an  autoimmune  disease  whose

 treatment  primarily  relies  on  broad-spectrum  immunosuppressants,

 such  as  corticosteroids  and  methotrexate  [ 39].  Therefore,  identifying

 precise  therapeutic  targets  for  JDM  is  of  great  importance.  To  achieve

 this,  we  pretrained  and  fine-tuned  scHILL  on  a  scRNA-seq  dataset

 derived  from  PBMCs  of  JDM  patients  and  healthy  donors,  containing

 15  disease  cases  and  5  healthy  controls  [ 30].  scHILL  achieved  the

 best  performance  in  the  benchmark  against  other  methods  (  Fig.  4a),

 demonstrating  the  generalizability  of  scHILL  under  small  sample

 size  conditions.  Meanwhile,  scHILL  identified  31  high-impact  genes

 ( Table  S2),  among  which 20  genes  exhibited  negative  contributions

 and  11  genes  exhibited  positive  contributions  to  the  phenotype

 prediction,  respectively.  Notably,  several  NK  cell  markers  were

 found  among  the  negatively  contributing  genes,  such  as  FCGR3A,

 ITGAL,  KLRD1,  KLRF1,  and  FGFBP2.  We  subsequently inspected  the

 correlation  between  the  proportion  of  NK  cells  and  scHILL  scores,

 and  found  a  significantly  negative  correlation  (Pearson’s  r  =  − 0.55,

 P  =  .0339)  (  Fig.  4b).  These  results  suggested  that,  although  scHILL  was

 not  trained  with  explicit  cell-type  information,  it  could  effectively

 capture  changes  in  cell  composition.  Our  finding  was  consistent

 with  a  previous  report  that  disease  activity  scores  of  JDM  patients

 were  negatively  correlated  with  the  proportion  of  NK  cells  (Pearson’s

 r  =  − 0.324,  P  =  .0002)  [ 40]. Among  the  11  positively contributing  genes,

 CEMIP2  (Regression  coefficient  =  1.83,  Pearson’s  r  =  0.73,  P  =  .00196)

 and  PDE3B  (Regression  coefficient  =  2.62,  Pearson’s  r  =  0.64,  P  =  .0106)

 were  reported  as  the  therapeutic  targets  of  autoimmune  disease  and

 heart  disease  (  Table  S2)  [ 41– 43].  Moreover,  PDE3B  inhibitors,  such

 as  milrinone  and  cilostazol, had  already  been  approved  for  clinical

 use  [ 43].  To  evaluate  their  potential  for  drug  repurposing  in  JDM,  we

 performed  single-cell  analyses  to  uncover  the  role  of  PDE3B  in  JDM.

 We  found  that  the  expression  of  PDE3B  was  most  prevalent  in  naive

 CD8  +  T  cells  in  both  JDM  patients  and  healthy  controls,  in  which

 43.5%  and  41%  of  the  cells  expressed  PDE3B,  respectively,  followed

 by  naive  CD4  +  T  cells,  with  25.1%  and  22.6%  of  the  cells  expressing

 PDE3B  (  Fig.  S7).  Meanwhile,  when  considering  the  absolute  counts

 of  PDE3B  +  cells,  naive  CD4  +  and  CD8  +  T  cells  were  also  the  two

 predominant  populations  in  both  JDM  patients  and  healthy  controls,

 with  naive  CD4  +  T  cells  being  slightly  more  abundant  (5615  versus

 4396  cells  in  JDM  patients;  1743  versus  1197  cells  in  healthy  controls)

 ( Fig.  S8).  Furthermore,  the  expression  levels  of  PDE3B  in  both  naive

 CD8  +  PDE3B  +  and  naive  CD4  +  PDE3B  +  T  cells  differed  significantly

 between  JDM  patients  and  healthy  controls  (  Fig.  4c),  highlighting  the

 potential  involvement  of  PDE3B  in  JDM  pathogenesis  within  these  two

 cell  types.  Taken  together,  scHILL  reconstructed  the  deficiency  of NK

 cells  in  JDM  patients  and  uncovered  CEMIP2  and  PDE3B,  which  have

 been  used  in  other  pharmaceuticals,  as  potential  therapeutic  targets

 for  JDM.
 

scHILL  identifies  cross-tissue  characteristics  of  normal
 adjacent  tissues 

Previous  studies  have  shown  that  normal  adjacent  tissues  (NATs)  are

 molecularly  distinct  from  both  tumor  and  healthy  tissues  [ 44,  45],  and

 NATs  can  be  further  classified  into  different  subtypes  in  specific  cancer

 types  [ 46– 48].  To  reveal  the  cross-tissue  characteristics  of  NATs,  we
 

pretrained  scHILL  on  a  publicly  available  scRNA-seq  dataset  contain-

 ing  B  cells  and  plasma  cells  from  six  organs  [ 31]:  kidney,  breast,  uterus,

 thyroid,  pancreas,  and  esophagus.  Except  for  the  pancreas,  which  was

 sampled  only  from  tumor  tissues,  other  tissues  were  sampled  from

 both  tumor  tissues  and  NATs,  totaling  24  tumor  samples  and  19  NATs.

 After  self-supervised  pretraining,  single-cell  expression  matrices  of

 NATs  were  transformed  into  latent  representations  and  visualized

 using  uniform  manifold  approximation  and  projection  (UMAP).  In

 the  latent  space,  NATs  clearly  segregated  into  two  distinct  clusters

 ( Fig.  5a),  whereas  this  separation  was  not  observed  before  transfor-

 mation  (  Fig.  S9a),  where  samples  remained  intermixed.  We  also  per-

 formed  principal  component  analysis  (PCA)  and  k-nearest  neighbors

 (kNN)  on  the  untransformed  expression  matrices,  but  neither  method

 revealed  a  clear  separation  (  Fig.  S9b  and  c).  Taken  together,  these

 results  demonstrated  that  the  self-supervised  framework  of  scHILL

 learned  more  informative  representations,  enabling  cross-tissue  dis-

 crimination  of  NATs.  We  then  analyzed  the  difference  between  these

 two  clusters.  Since  cluster  A  contained  all  the  uterus  samples  and

 cluster  B  contained  all  the  kidney  samples,  we  first  compared  the

 expression  patterns  of  the  uterus  and  the  kidney.  Consequently,  we

 identified  several  antibody-related  genes  as  markers  of  the  uterus,

 including  IGHG3,  IGHG2,  IGLV3-1,  and  IGLL5  (  Table  S3).  Given  that

 antibody-related  genes  were  mainly  expressed  in  plasma  cells,  we

 examined  whether  the  two  clusters  differed  in  plasma  cell  propor-

 tions.  Ultimately,  samples  belonging  to  cluster  A  exhibited signifi-

 cantly  higher  proportion  of  plasma  cells  (  Fig.  5b).  Consistently,  thyroid

 and  esophagus  samples  that  were  classified  into  cluster  A  showed

 higher  proportion  of  plasma  cells  than  their  counterparts  in  cluster

 B  (  Fig.  5c).  Subsequent  pseudo-time  analysis  revealed  the  difference

 in  cell  differentiation  between  the  two  clusters,  with  cluster  A  showed

 continuously  B  cells  differentiation.  In  contrast,  cluster  B  showed  a

 gap  between  B  cells  and  plasma  cells  (  Fig.  5d).  Taken  together,  the

 self-supervised  clustering  results  generated  by  scHILL  suggested  that,

 in  some  cases,  B  cells  in  NATs  might  be  continuously  stimulated  by

 the  tumor  microenvironment  and  subsequently  differentiated  into

 plasma  cells.
 

Conclusion  and  discussion  

In  this  study,  we  developed  scHILL,  a  deep  learning  framework

 for  deciphering  phenotypic  heterogeneity  arises  from  immune  cell

 heterogeneity  among  individuals under  specific  disease  conditions.

 scHILL  is  comprised  of  an  MAE-based  encoder  and  an  MLP-based

 classifier.  Compared  with  autoencoder-based  models  such  as  scGDC,

 scLDS2,  and  scAMAC  [ 49– 51],  MAE  is  based  on  a  ViT  rather  than  a  fully

 connected  network  (FCN).  The  MAE-based  encoder  that  transforms

 expression  matrices  into  latent  representations  and  the  MLP-based

 classifier  that  predicts  phenotype  and  generates  scHILL  scores  for

 subsequent  analysis,  which  are  trained  separately  in  the  pretraining

 and  fine-tuning  stages. The  framework  of  scHILL  has  following

 advantages.  Firstly,  scHILL  effectively  learns  the  characteristics  of

 each  sample  without  labels,  thereby  enhancing  its  ability  to  capture

 subtle  differences  among  individuals with  the  same  label.  Second,

 the  random  cropping  scheme  overcomes  the  bottleneck  of  small

 sample  sizes. Notably,  although  the  single-cell  expression  matrices

 were  cropped  to  smaller  sizes  than  the  original  matrices,  the  retained

 information  remained  sufficient  for  effective  model  training  and

 phenotype  prediction  (  Tables  S4– S6).  One  possible  explanation  is

 the  high  sparsity  of  single-cell  expression  matrices.  Our  analysis
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Figure  4  PDE3B  is  a  potential  therapeutic  target  of  JDM.  (a)  F1-scores  of  different  models  for  JDM  prediction.  (b)  Correlation  between  scHILL  scores  and
 proportion  of  NK  cells.  (c)  Comparison  of  the  expression  levels  of  PDE3B  in  each  PDE3B +  cell  type  between  JDM  patients  and  healthy  controls.  Cell  types
 are  ranked  by  adjusted  P-value  and  displayed  from  left  to  right.  The  Mann–Whitney  U  test  was  used  to  calculate  the  statistical  significance  (P-value,
 with  ns  >  0.05,  ∗  <  0.05,  ∗∗

 <  0.01,  ∗∗∗
 <  0.001,  and  ∗∗∗∗

 <  0.0001). 

further  revealed  that  the  cropped  matrices  contained  relatively

 higher  expression  levels  and  a  lower  proportion  of  zero  values

 compared  with  the  removed  portions  of  the  matrices  (  Fig.  S10).  Third,

 MAE  is  capable  to  capture  global  interdependencies  through  self-

 attention,  and  its  masking  and  reconstruction  mechanism  forces  the

 encoder  to  rely  on  global  signals  rather  than  noises  and  artifacts.

 Through  benchmarking  on  several  PBMC  datasets,  scHILL  exhibited

 excellent  performance  in  phenotype  prediction  and  generated

 clinically  meaningful  scores  for  samples.  scHILL  also  uncovered

 the  characteristics  of  plasma  cells  in  solid  tissues,  demonstrating  its

 flexibility  and  scalability.
 

Previous  reports  have  revealed  the  differences  in  immune  cells

 between  COVID-19  mild  and  severe  cases  [ 22,  26– 28,  32,  52,  53].

 It  is  noteworthy  that  this  comparison  cannot  distinguish among

 patients  with  the  same  clinical  severity.  For  instance,  some  COVID-

 19  severe  patients  recovered  while  others  died,  and  some  COVID-

 19  mild  patients  recovered  fast  while  others  recovered  slowly  and

 even  suffered  from  long-COVID  [ 54,  55].  To  fill  this  gap,  inspired  by

 OOD  cells,  we  utilized scHILL  to  identify  OOD  groups.  Firstly,  we

 benchmarked  scHILL  against  other  methods  for  COVID-19  severity

 prediction  and  found  that  it  outperformed  them,  demonstrating  its

 ability  to  capture  immune  features. Then,  scHILL  generated  scores
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Figure  5  Cross-tissue  heterogeneity  of  plasma  cells  in  NATs.  (a)  UMAP  visualization  of  the  latent  representations  of  each  sample.  (b)  Comparison  of
 the  proportion  of  plasma  cells  between  cluster  A  and  cluster  B.  Components  of  the  box  plot  are:  center  line,  median  value;  box  limits,  upper  and  lower
 quartiles;  whiskers,  1.5×  interquartile  range.  The  Mann–Whitney  U  test  was  used  to  calculate  the  statistical  significance  (P-value,  with  ns  >  0.05,  ∗  <  0.05,
 ∗∗

 <  0.01,  ∗∗∗
 <  0.001,  and  ∗∗∗∗

 <  0.0001).  (c)  The  proportion  of  plasma  cells  among  the  same  tissues  within  different  clusters.  (d)  Trajectories  of  B  cells
 and  plasma  cells  in  cluster  A  and  cluster  B. 

for  each  individual and  identified  OOD  groups.  Subsequent  analysis

 showed  that  the  OOD-severe  group  indeed  had  a  proportion  of  T  cells

 and  T  cell  effect  scores  similar  to  those  of  the  mild  group,  indicating  a

 stronger  ability  to  eliminate  infected  cells  and  verifying  the  biological

 meaning  of  scHILL  scores. Meanwhile,  the  OOD-mild  group  indeed

 had  a  similar  proportion  of  B  cells  as  the  severe  group,  further

 demonstrating  the  effectiveness  of  scHILL  in  revealing  heterogeneity

 among  individuals  with  the  same  phenotype.  A  previous report  has

 identified  individual-level  signatures  of  SLE  and  finely  stratified  SLE
 

patients  into  seven  groups  based  on  blood  transcriptional  signatures

 derived  from  microarray  data  [ 56].  Our  results  showed  that  scRNA-seq

 data  can  also  be  used  for  more  refined  stratification. 

JDM  is  an  autoimmune  disease  whose  treatment  relies  on

 broad-spectrum  immunosuppressants,  such  as  corticosteroids  and

 methotrexate  [ 39].  Therefore,  it  is  essential  to  detect  the  therapeutic

 targets  for  JDM.  For  this  purpose,  we  utilized  scHILL  to  generate

 scores  for  JDM  patients. The  scHILL  scores  reproduced  the  lack

 of  NK  cells  in  JDM  patients  and  the  negative  correlation  between
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clinical  scores  and  NK  cell  proportions,  indicating  the  reliability

 of  our  method.  We  also  found  that  CEMIP2  and  PDE3B  showed  a

 strongly  positive  contribution  to  scHILL  scores,  highlighting  their

 roles  in  JDM  progression.  Further  analysis  of  PDE3B  revealed  its

 enrichment  in  naive  T  cells  and  higher  expression  in  JDM  patients,

 suggesting  that  PDE3B  may  contribute  to  the  development  of  T

 cell-driven  autoimmune  disorders.  We  also  found  IL6ST  ,  the  gene

 had  been  previously reported  to  contribute  to  tumor  promotion

 and  mediate  rheumatoid  arthritis  [ 57,  58],  was  highly  expressed

 in  CD8  +  PDE3B  +  naive  T  cells  (  Fig.  S11,  Tables  S7  and  S8),  further

 suggesting  that  these  cells  might  play  a  role  in  inflammatory

 signaling  pathways  relevant  to  JDM.  Drugs  targeting  CEMIP2  and

 PDE3B are  already  available  [ 41– 43],  and  they  may  be  evaluated

 in  future  clinical  trials  for  the  treatment  of  JDM.  In  the  clinical

 management  of  autoimmune  diseases,  disease  activity  scores,  which

 are  discrete  and  based  on  clinical  manifestations,  have  been  widely

 used  [ 59– 61].  The  scHILL  scores  are  continuous  and  derived  from

 single-cell  profiles,  offering  a  complementary  dimension  to  disease

 assessments. 

NATs  are  involved  in  the  tumor  microenvironment  and  play  a

 vital  role  in  tumorigenesis  and  metastasis  [ 62].  Previous  reports  have

 shown  that  NATs  are  distinct  from  both  healthy  and  tumor  tissues  [ 44,

 45],  but  the  cross-tissue  patterns  of  NATs  remain  unclear.  In  the  cross-

 tissue  dataset,  scHILL  divided  NATs  into  two  clusters:  one  showed

 enrichment  for  plasma  cells  and  continuous  B  cell  differentiation,

 while  the  other  showed  the  opposite. NATs  from  the  thyroid  and

 esophagus  were  present  in  both  clusters,  demonstrating  their  intrinsic

 heterogeneity.  The  proportion  of  plasma  cells  varied  in  the  NATs  of

 non-small  cell  lung  cancer  (NSCLC),  and  plasma  cells  were  associated

 with  the  efficacy  of  programmed  cell  death-1  PD-L1  blockade  [ 63].

 Our  findings  suggest  that  this  association  might  extend  across  differ-

 ent  tissue  types.  Given  that  plasma  cells  represent  a  double-edged

 sword  in  tumorigenesis,  as  antibodies  secreted  by  them  facilitate

 antitumor  immunity  by  killing  cancer  cells,  whereas  some  plasma

 cells  are  immunosuppressive,  which  can  impede  the  effectiveness  of

 chemotherapy  [ 64],  further  studies  with  larger  cohorts  are  required

 to  clarify  whether  the  expanded  plasma  cells  confer  beneficial  or

 detrimental  outcomes. 

As  scRNA-seq  datasets  derived  from  various  diseases  are  contin-

 uously  being  released,  scHILL  is  expected  to  play  a  vital  role  in

 uncovering  the  heterogeneity  among  individuals.  Furthermore,  its

 self-supervised  pretraining  scheme  is  well-suited  to  conditions  with

 unknown  labels,  such  as  the  enrichment  or  deficiency  of  plasma  cells

 in  the  cancer  dataset  in  this  study,  enabling  the  discovery  of  new

 insights  into  disease  progression.  In  the  next  phase,  we  aim  to  apply

 scHILL  not  only  to  disease  cases  but  also  to  healthy  individuals  to

 uncover  age-  and  ethnicity-associated  differences.
 

Key  Points 

• scHILL  utilizes  masked  autoencoder  to  perform  self-supervised

 representation  learning  at  the  individual  level. 

• scHILL  supports  robust  phenotype  prediction  and  finer  stratifica-

 tion,  revealing  individual-level  heterogeneity. 

• scHILL  reveals  clinically  relevant  immune  heterogeneity,  highlight-

 ing  its  utility  for  personalized  medicine. 
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