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Abstract
Many complex diseases exhibit continuous molecular variation and heterogeneous treatment response, which are poorly captured by discrete, category-

based models. We propose a latent disease-axis framework for modeling disease progression and treatment effects as continuous processes using high-

dimensional molecular data. Using a linear principal component analysis (PCA)-based embedding of transcriptomic profiles, we define a disease axis as a

centroid-based geometric direction anchored by healthy controls and untreated disease samples. Projection onto this axis yields a continuous disease score

that summarizes the disease severity based on molecular data, while paired pre- and post-treatment samples are represented as displacement vectors that

characterize the treatment response in both magnitude and direction relative to the disease axis.  To further interpret the biological basis of disease-axis

variation,  we apply  trivariate  functional  clustering to  identify  cohort-level  gene modules  with distinct  expression trajectories  across  health,  disease,  and

post-treatment states. When applied to transcriptomic data relating to systemic lupus erythematosus, this framework reveals a continuous disease structure,

heterogeneous  treatment-associated  shifts,  and  functionally  distinct  transcriptional  programs  with  different  degrees  of  reversibility.  Overall,  the  latent

disease-axis  framework  provides  an  interpretable  descriptive  strategy  for  studying  continuous  disease-related  variation  and  heterogeneous  treatment

response using high-dimensional molecular data that goes beyond discrete clinical categories.
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Introduction
Many  complex  diseases  are  characterized  by  high-dimensional

molecular  measurements,  gradual  progression,  and heterogeneous
responses  to  therapy[1−4].  Yet,  they  are  often  analyzed  using  statis-
tical  models  that  treat  disease  states  and  treatment  outcomes  as
discrete  categories,  such  as  case–control  contrasts  or  responder
versus  non-responder  classifications[5−7].  Although  such  formu-
lations  are  convenient,  they  can  obscure  continuous  variations  in
disease  severity,  fail  to  capture  intermediate  or  transitional  states,
and  provide  limited  resolution  for  quantifying  individual-level
treatment  effects[8].  In  particular,  when  molecular  measurements
are  used  to  trace  a  continuum  of  latent  disease  states  rather  than
sharply  separated  groups,  methods  that  rely  solely  on  categorical
labels may underutilize the geometric structure of the data and offer
an incomplete description of disease dynamics[9,10].

High-throughput  transcriptomic  profiling  has  enabled  detailed
characterization of molecular heterogeneity in many immune-medi-
ated  diseases,  including  systemic  lupus  erythematosus  (SLE)[11,12].
Prior  studies  have  identified  disease-associated  gene  signatures,
molecular subtypes, and pathway-level alterations using differential
expression  analysis,  clustering,  or  supervised  classification[13,14].
However, these approaches typically impose discrete boundaries on
samples  and  are  not  designed  to  model  disease  severity  as  a
continuous  quantity  or  to  represent  treatment  response  as  a
gradual,  patient-specific  process[15].  In  diseases  such  as  SLE,  in
which  molecular  states  often  span  a  spectrum  between  health

and  active  disease  and  therapeutic  effects  vary  markedly  across
individuals[16],  there  is  a  need  for  statistical  frameworks  that  can
capture  continuous  disease-related  variation  and  heterogeneous
treatment dynamics within a unified representation[17].

In  this  work,  we  propose  a  latent  disease-axis  framework  to
describe disease progression and treatment response as continuous
geometric  processes  in  a  low-dimensional  transcriptomic  space.
Using  a  linear  principal  component  analysis  (PCA)-based  em-
bedding  of  high-dimensional  transcriptomic  profiles,  we  define  a
disease  axis  as  a  centroid-based  direction  anchored  by  healthy
controls  and  untreated  disease  samples.  Projection  onto  this  axis
yields a continuous disease score that summarizes the disease seve-
rity based on molecular data,  while paired pre- and post-treatment
samples are represented as displacement vectors that capture indi-
vidualized  treatment  trajectories  in  both  magnitude  and  direction.
To further interpret the biological basis of disease-axis variation, we
apply  trivariate  functional  clustering  (3FunClu)  to  identify  cohort-
level  gene  modules  with  distinct  expression  trajectories  across
health,  disease,  and  post-treatment  states.  When  applied  to  trans-
criptomic data relating to SLE,  this  framework reveals  a continuous
disease  structure,  heterogeneous  treatment-associated  shifts,  and
functionally distinct transcriptional programs with different degrees
of  reversibility.  Overall,  the  latent  disease-axis  framework  provides
an  interpretable  descriptive  strategy  for  studying  continuous
disease-related  variation  using  high-dimensional  molecular  data
that goes beyond discrete clinical categories. 
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Materials and methods 

Data source and preprocessing

X ∈ Rn×p

n
p

RNA-seq  expression  profiles  were  obtained  from  the  Gene
Expression  Omnibus  (GEO;  accession  GSE295130),  which  includes
data  pertaining  to  peripheral  blood  mononuclear  cell  (PBMC)
samples  from  healthy  controls  (HC),  untreated  SLE  patients,  and
matched  post-treatment  samples  (SLE_post).  The  analyzed  dataset
contained  19  PBMC  samples,  including  7  HC,  6  untreated  SLE,  and
6  SLE_post  samples.  The  paired  treatment–displacement  analysis
used  six  matched  pre/post-treatment  pairs:  D1–B1,  D2–B2,  D3–B3,
D5–B5, D10–B10, and D11–B11. Let  denote the processed
FPKM expression matrix, where FPKM stands for Fragments Per Kilo-
base of exon model per Million mapped fragments,  is the number
of  samples  and  is  the number of  genes.  In  the processed matrix,
p = 66,332 genes before filtering.

Expression  values  were  transformed  using  a  log-scale  normali-
zation:

X∗i j = log2(Xi j+1),

to  stabilize  the  variance  and  reduce  the  influence  of  extreme
counts[18,19].  Genes  were first  filtered using a  global  low-expression
criterion,  retaining  those  with  FPKM  ≥ 1  in  at  least  four  samples.
Consequently,  17,514  genes  were  retained  from  the  initial  66,332
genes.  Genes  with  non-positive  or  near-zero  variance  after  log
transformation were also excluded before downstream scaling[20].

For  the  primary  PCA-based  disease-axis  analysis,  genes  passing
the  low-expression  filter  were  ranked  by  their  across-sample
variance  on  the  log-transformed  scale,  and  the  top  2,000  highly
variable genes (HVGs) were used. The same workflow was repeated
in the sensitivity analyses using 1,000 and 3,000 HVGs.

The selected HVG matrix was standardized across samples:

Zi j =
X∗i j−µ j

σ j
,

µ j σ j

j µ j σ j

where  and  denote the sample mean and standard deviation of
gene ,  respectively.  Both  and  were  computed  across  all
analyzed samples after log transformation and HVG selection.

zi ∈ Rp
Each  sample  was  thus  represented  by  a  high-dimensional  stan-

dardized  expression  vector .  Sample  labels  (HC,  SLE,  and
SLE_post)  were derived from metadata annotations and were used
only  to define the HC and untreated-SLE reference centroids,  iden-
tify paired pre/post-treatment samples, and annotate visualizations.
No  supervised  classifier,  training-test  split,  or  cross-validation
procedure was  fitted in  this  workflow.  Because sex,  age,  and batch
covariates  were  not  reliably  available  in  the  processed  matrix  used
for  reanalysis,  no  formal  covariate  adjustment  was  performed;
residual  demographic  or  technical  confounding  was  therefore
treated as a limitation rather than excluded by design. 

Latent disease-axis modeling 

Latent embedding via PCA

Z

To  obtain  a  low-dimensional  representation  of  transcriptomic
states, PCA was applied to the standardized HVG expression matrix

,  treating  samples  as  observations  and  genes  as  variables.  PCA
provides  an  orthogonal  linear  transformation  that  captures  domi-
nant sources of variance in the data while reducing dimensionality.
In  the  high-dimensional,  low-sample-size  setting  of  our  study,  PCA
was  used  as  an  unsupervised  dimensionality  reduction  technique

rather than as a predictive model. For PCA-based disease-axis analy-
sis,  we  used  the  top  2,000  HVGs  ranked  by  across-sample  variance
on  the  log2(FPKM+1)  scale.  The  selected  HVG  matrix  was z-scored
across samples (centered and scaled per gene) prior to PCA.

yi =WT zi ∈ Rk i
W

k = 2

Let  denote  the  latent  embedding  of  sample ,
where  denotes  the  loading  vectors  of  the  leading  principal
components.  In  this  study,  we  used  the  first  two  principal  compo-
nents  as  the  primary  visualization  space  ( ),  which  balances
interpretability  and  direct  geometric  visualization  of  disease-state
separation and paired treatment-associated displacement[21].  In the
primary  top-2,000-HVG  PCA,  PC1  explained  27.40%  of  the  variance
and  PC2  explained  16.98%,  yielding  a  cumulative  explained  vari-
ance of 44.38%.

k ∈ {2,3,5}

The primary disease axis,  HC-centered disease scores,  and paired
treatment-response vectors described below were computed in the
PC1–PC2  plane  for  visualization  and  interpretation.  To  assess
whether  the  conclusions  depended  on  the  two-dimensional  repre-
sentation,  the  same  centroid-based  axis  construction  and  HC-
centered  scoring  procedure  were  repeated  in  higher-dimensional
PCA subspaces, including fixed  and cumulative-variance-
based dimensions. 

Centroid-defined latent disease axis and continuous disease
score

IHC ISLE

The  latent  disease  axis  is  defined  as  a  centroid-based  geometric
direction  from  the  healthy  reference  state  toward  untreated  SLE
within the PCA latent space. Let  and  denote the index sets
of  HC  and  untreated  SLE  samples,  respectively.  The  corresponding
group centroids in latent space are

µHC =
1
|IHC|

∑
i∈IHC

yi, µSLE =
1
|ISLE|

∑
i∈ISLE

yi.

The disease axis is defined as the unit-length vector

v =
µSLE−µHC
∥µSLE−µHC∥

,

which  points  from  the  healthy  centroid  toward  the  untreated  SLE
centroid.  SLE_post  samples  were  not  used  in  constructing  this  axis,
thereby avoiding information leakage.

Each sample is assigned a continuous disease score by projection
onto  the  disease  axis.  To  make  the  score  explicitly  relative  to  the
healthy reference, the projection was centered at the HC centroid:

si = (yi−µHC)T v.
si

µHC

si

Larger  values  of  indicate  transcriptional  states  more  similar
to the untreated SLE centroid. Because the score is centered at ,
HC  samples  are  interpreted  relative  to  the  healthy  reference
centroid, and movement toward smaller  values corresponds to a
shift toward the healthy direction along the disease axis. For visual-
ization  and  groupwise  comparison,  disease  scores  were  standar-
dized across all samples:

s̃i =
si− s
SD(s)

si

This  standardization  was  used  only  for  visualization  and  group-
wise  display;  treatment-response  direction  and  paired  displace-
ment were interpreted using the raw HC-centered score . 

Vector-based modeling of treatment response
p

yp,SLE yp,SLE_post

For each patient  with paired pre- and post-treatment samples,
let  and  denote  the  PCA  latent  coordinates  of  the
untreated  and  post-treatment  states,  respectively.  Treatment
response is modeled as a displacement vector:
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δp = yp,SLE_post− yp,SLE.

The  scalar  change  in  disease  score  along  the  axis  is  defined  as
the  difference  between  the  post-treatment  and  untreated  disease
scores. Under the revised HC-centered disease-score definition, this
quantity is computed as

∆sp = sp,SLE_post − sp,SLE = ⟨yp,SLE_post −µHC,v⟩− ⟨yp,SLE−µHC,v⟩ = ⟨δp,v⟩.

∆sp < 0

Thus,  although  the  disease  score  itself  is  centered  at  the  HC
centroid,  the  paired  score  change  remains  equivalent  to  the  pro-
jection of the treatment displacement vector onto the disease axis.
Under  this  convention,  indicates  movement  toward  the
healthy reference direction along the disease axis.

To  explicitly  characterize  the  alignment  between  the  treatment
vector and the disease axis, we compute the cosine similarity:

cos(θp) =
⟨δp,v⟩
∥δp∥2∥v∥2

=
⟨δp,v⟩
∥δp∥2

,

vBecause  is  a  unit  vector pointing from the HC centroid toward
the untreated SLE centroid, negative cosine similarity indicates that
the  paired  treatment  displacement  is  oriented  opposite  to  the
disease axis, i.e., toward the healthy reference direction. 

Functional gene modules and enrichment
analysis 

3FunClu of gene-expression trajectories
To  characterize  coordinated  transcriptional  programs  across

disease  and  treatment  states,  we  applied  3FunClu[22−24] to  classify
genes  according  to  the  similarity  of  their  expression  trajectories
across  HC,  SLE,  and  SLE_post.  This  analysis  treated  each  gene  as  a
functional  unit  whose expression pattern was jointly modeled over
the  three  disease-related  conditions,  thereby  defining  gene
modules  according  to  trajectory  similarity  rather  than  pairwise
co-expression correlation.

For  3FunClu,  we  used  all  17,514  genes  that  passed  the  low-
expression  filter  (retaining  genes  with  FPKM  ≥ 1  in  at  least  four
samples),  rather than restricting our analysis to the top 2,000 HVGs
used in the PCA-based disease-axis analysis. This is because 3FunClu
aims to capture coordinated transcriptional programs across the full
transcriptome,  including  moderately  expressed  genes  that  may  be
functionally  important  but  would  be  excluded  by  HVG  selection.
Indeed,  only  55  of  the  61  identified  modules  contained  HVGs,
supporting  the  use  of  the  full  filtered  gene  set  for  functional
clustering.  In  contrast  to  PCA,  non-negative  log-transformed  ex-
pression  values  were  used  directly  as  input  to  the  finite-mixture
model,  without  additional  z-scoring,  and  expression  trajectories
were  modeled  using  condition-specific  mean  expression  values
across HC, SLE, and SLE_post rather than individual sample profiles.

gFor each gene , let

xg =
(
xHC

g , x
SLE
g , xSLE_post

g

)
denote its concatenated expression profile across the three conditions.
Because the FunClu mean model is based on power-law curve fitting,
the  clustering  analysis  was  performed  on  non-negative log-
transformed  expression  values  after  gene  filtering.  The  expression
trajectory of each gene was modeled using a finite-mixture likelihood:

L(Θ) =
m∑

g=1

log

 K∑
ℓ=1

πℓN
(
xg | µℓ,Σℓ

) ,
πℓ ℓ µℓ

Σℓ

where  is the prior probability of module ,  denotes the module-
specific mean trajectory across HC, SLE, and SLE_post, and  denotes
the residual covariance structure.

ℓ cFor  module  in  condition ,  the  mean  expression  curve  was
approximated by the power function

µc
ℓ(h) = αℓchβℓc , c ∈ {HC,SLE,SLE_post},

αℓc βℓcwhere  and  describe the magnitude and state-index-dependent
shape of the trajectory, respectively. The optimal number of functional
modules  was  selected  using  the  Bayesian  information  criterion  (BIC).
After  model  fitting,  each  gene  was  assigned  to  the  module  with  the
highest  posterior  probability.  Modules  showing  marked  divergence
between  HC  and  SLE  or  partial  reversal  from  SLE  to  SLE_post  were
prioritized for downstream functional enrichment analysis. 

Gene Ontology (GO) enrichment of FunClu-derived modules
To  interpret  the  biological  functions  of  FunClu-derived  gene

modules,  GO enrichment analysis  was performed for  the biological
process  (BP),  molecular  function (MF),  and cellular  component (CC)
categories.

p
Over-representation  analysis  was  conducted  using  a  hypergeo-

metric  framework,  and  values  were  corrected  using  the
Benjamini–Hochberg false discovery rate (FDR) procedure.

p < 0.05GO  terms  with  adjusted  were  considered  significantly
enriched.

Modules  showing  clear  HC–SLE  divergence  or  partial  SLE-to-
SLE_post reversal in their fitted trajectories were prioritized for inter-
pretation to connect trajectory-defined gene modules with immune
and inflammatory categories relevant to SLE. 

Results 

A latent disease axis captures continuous disease
severity and treatment-associated shifts

We  first  examined  whether  transcriptomic  variation  across  HC,
untreated SLE patients, and SLE_post could be represented within a
continuous  low-dimensional  structure.  PCA  of  the  top  2,000  HVGs
revealed  that  the  first  two  components  captured  27.40%  and
16.98% of the total variance, respectively (cumulative 44.38%; Fig. 1).
In  this  embedding,  we  observed  a  broad  separation  between  HC
and disease-associated samples,  while also noting substantial  over-
lap among groups.

This  overlap  indicates  that  molecular  disease  states  do  not  form
strictly discrete clusters, but instead occupy a continuum within the
latent space.

Using group centroids defined by HC and untreated SLE samples,
we constructed a latent disease axis and projected all samples onto
this direction. Each sample was assigned a HC-centered continuous
disease  score.  The  resulting  scores  exhibited  a  clear  ordering  from
the  healthy  reference  toward  more  SLE-like  transcriptional  states
(Fig.  2a).  Untreated SLE samples showed significantly higher scores
than  HC,  whereas  SLE_post  samples  were  distributed  at  inter-
mediate positions, reflecting partial shifts toward the healthy end of
the axis.

Importantly,  disease-axis  scores  overlapped  across  clinical  cate-
gories,  underscoring  that  molecular  disease  severity  varies  conti-
nuously  rather  than  discretely.  This  continuous  representation
provides  a  compact  descriptive  summary  of  the  19  PBMC  trans-
criptomes while  preserving inter-individual  heterogeneity,  which is
obscured by binary case–control contrasts.

∆sp < 0

Paired  analysis  of  the  six  matched  pre- and  post-treatment  pairs
demonstrated  that  treatment  was  associated  with  a  reduction  in
HC-centered disease-axis scores ( ) in five out of six patients,
although  the  magnitude  of  change  varied  markedly  across
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individuals  (Fig.  2b).  Together,  these  findings  support  the  latent
disease  axis  as  an  interpretable  one-dimensional  summary  of
disease  severity  that  is  sensitive  to  treatment-associated  trans-
criptional shifts without imposing categorical boundaries.
 

Patient-specific treatment trajectories reveal
heterogeneous, direction-aware responses

Although  disease-axis  scores  provide  a  scalar  summary  of
molecular  severity,  they  do  not  capture  the  full  structure  of

 

HC SLE SLE_post
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Key Findings
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Fig. 1  Conceptual framework of a latent disease axis for SLE.
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Fig.  2  Disease-axis  projection  and  paired  treatment  shifts.  (a)  Distribution  of  disease-axis  projection  scores  for  healthy  controls  (HC),  untreated  SLE
patients (SLE), and post-treatment SLE samples (SLE_post). Higher scores indicate a more SLE-like transcriptional state. (b) Paired shifts along the disease
axis for individual patients, comparing pre-treatment (SLE) and post-treatment (SLE_post) samples. Each line represents one patient. (c) Individual-level
treatment trajectories, highlighting heterogeneous responses ranging from marked improvement to minimal change.
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treatment-induced  changes.  To  characterize  individualized
responses,  we  modeled  treatment  effects  as  displacement  vectors
between  paired  pre- and  post-treatment  samples  in  the  latent
space.

Visualization  of  patient-specific  treatment  trajectories  revealed
pronounced heterogeneity  across  the six  patients  (Figs  2c and 3b).
Although  five  individuals  exhibited  displacement  vectors  oriented
toward  the  healthy  region  of  the  latent  space,  consistent  with
reductions in HC-centered disease-axis scores, one patient showed a
minor  shift  away  from  the  healthy  centroid  despite  comparable
baseline severity.

Notably,  several  treatment  trajectories  contained  substantial
components  orthogonal  to  the  disease  axis,  indicating  trans-
criptional  changes  that  are  not  fully  captured  by  a  single  severity
dimension.  These  orthogonal  components  suggest  that  treatment
may  induce  molecular  responses  related  to  compensatory  path-
ways,  off-target  effects,  or  individual-specific  regulatory  programs
rather than uniform movement along a disease progression axis.

By explicitly modeling both the magnitude and direction of tran-
scriptional change, the vector-based framework reveals dimensions
of treatment response that are obscured by scalar pre–post compar-
isons. This direction-aware representation highlights that treatment
response in SLE is inherently heterogeneous and patient-specific. 

Latent-space geometry links disease progression
and treatment effects

To  contextualize  HC-centered  disease-axis  scores  within  the
broader structure of transcriptomic variation, we visualized samples
and treatment trajectories directly in the latent space defined by the
leading principal components (Fig. 3a).  In this space, untreated SLE
samples  occupied  regions  distinct  from  HCs,  whereas  SLE_post
samples exhibited heterogeneous displacements.

Treatment  trajectories  oriented  toward  the  HC  region  tended  to
correspond  to  reductions  in  disease-axis  scores,  whereas  trajec-
tories  oriented  away  from  this  region  or  orthogonal  to  the  disease
axis  were  associated  with  minimal  improvement.  This  geometric

relationship clarifies how scalar disease scores arise from underlying
multivariate expression patterns.

The latent-space visualization highlights the complementary roles
of  the  disease  axis  and  the  full  embedding.  While  the  disease  axis
captures  a  dominant  direction  of  variation  associated  with  disease
severity,  the  full  latent  space  preserves  additional  orthogonal
dimensions  that  contribute  to  individual-specific  treatment
responses.  Thus,  the  geometric  framework  integrates  unidimen-
sional  severity  scoring  with  multivariate  representation  of  hetero-
geneous molecular dynamics. 

Functional trajectory clustering and pathway
enrichment provide a functional interpretation
of disease-axis variation

To  characterize  the  cohort-level  transcriptional  programs
associated  with  disease  and  treatment,  we  performed  functional
clustering  analysis  (3FunClu),  in  which  genes  with  similar  modeled
expression  trajectories  were  grouped  into  the  same  module.  This
analysis  identified  four  major  module  classes  across  HC,  untreated
SLE, and SLE_post (Fig. 4), defined based on their expression trajec-
tory  patterns  as  follows.  Partial  recovery  modules  (PRMs)  were
characterized  by  downregulated  expression  in  untreated  SLE
compared  to  HC,  followed  by  partial  increase  after  treatment  that
did  not  return  to  HC  levels.  Full  recovery  modules  (FRMs)  showed
altered  expression  in  untreated  SLE  but  returned  to  levels  com-
parable  to  HC  after  treatment,  indicating  complete  reversibility.
Persistent modules (PMs) exhibited altered expression in untreated
SLE  with  no  significant  restoration  after  treatment,  remaining  in  a
disease-like  state.  Stable  modules  (SMs)  displayed  unchanged
expression  across  all  three  conditions  (HC,  SLE,  and  SLE_post),
showing  no  disease- or  treatment-associated  variation.  PRMs
showed  marked  downregulation  in  untreated  SLE  and  partial
restoration  after  treatment,  indicating  incomplete  recovery  of
disease-suppressed  programs.  FRMs  displayed  clear  disease-
associated  perturbation  followed  by  substantial  recovery  toward
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HC-like  levels,  suggesting  that  these  represent  the  most  reversible
components  of  the  shift.  In  contrast,  PMs  remained  markedly
dysregulated  after  treatment,  explaining  why  SLE_post  samples
often remain intermediate along the disease axis.

GO enrichment analysis further showed that these classes corres-
pond to biologically distinct layers of the disease continuum (Fig. 5).
PRMs were mainly enriched in MAPK regulation, mitochondrial gene
expression, and innate immune response, indicating that metabolic
support  and  stress  adaptation  are  only  partially  restored.  By
contrast,  FRMs were enriched in transcriptional regulation, intracel-
lular  transport,  and  adaptive  immune  response,  revealing  that  the
most  reversible  component  is  concentrated  in  coordinated  regula-
tory systems.

Conversely, PMs were predominantly enriched in oxidative phos-
phorylation,  mitochondrial  ATP  synthesis,  and  chromatin-level
processes,  indicating a structured persistent state.  Lastly,  SMs were
associated with RNA processing and structural components, staying
relatively stable across groups.

Together,  the  module-level  and  pathway-level  analyses  provide
functional  grounding  for  the  latent  disease-axis  framework,  linking
abstract geometric representations of disease progression and treat-
ment response to interpretable molecular programs. This functional

layering  explains  the  structured  nature  of  treatment  response
observed in the latent transcriptomic space. 

Discussion
In  this  study,  we  proposed  a  latent  disease-axis  framework  to

describe  disease  severity  and  treatment  response  as  continuous
geometric  processes  in  a  transcriptomic  space[8].  By  projecting
high-dimensional  gene  expression  profiles  into  a  low-dimensional
unsupervised  space  and  defining  a  biologically  anchored  disease
axis,  heterogeneous  molecular  states  are  mapped  into  a  unified
coordinate  system that  supports  both sample-level  disease scoring
and  patient-level  treatment-trajectory  analysis.  When  applied  to
SLE, this framework reveals a continuous spectrum of disease-asso-
ciated transcriptional variation and heterogeneous, direction-aware
treatment  trajectories  that  are  not  readily  captured  by  discrete
modeling approaches[1,11,16,25].

A  central  insight  of  the  proposed  framework  is  that  molecular
disease states are more appropriately represented as points along a
continuum  rather  than  as  members  of  sharply  separated
categories[5,26].  Although  untreated  SLE  samples  exhibited  higher
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HC-centered  disease-axis  scores  on  average  than  HC,  the  subs-
tantial  overlap  across  groups  indicates  that  binary  case–control
contrasts  obscure  intermediate  and transitional  states.  By  explicitly
modeling  disease  severity  as  a  continuous  coordinate,  the  latent
disease axis preserves inter-individual variability while providing an
interpretable  descriptive  characterization  of  the  transcriptomic
landscape[27].

∆sp

From  a  methodological  standpoint,  the  choice  of  a  linear  PCA-
based  embedding  serves  as  a  deliberately  simple  and  auditable
framework for high-dimensional,  low-sample-size (HDLSS) datasets.
While  sophisticated  non-linear  manifold  learning  and  trajectory
inference  (TI)  methods  can  capture  complex  geometries,  a  linear
axis  anchored  by  group  centroids  provides  direct  interpretability
for  small  paired  cohorts.  Our  sensitivity  analyses—including  HVG
count  sweeps,  leave-one-out  (LOO)  stability  checks,  and  higher-
dimensional  PCA  extensions—demonstrated  that  the  group
ordering (HC < SLE_post  < SLE)  and the directional  conclusions for
paired  treatment  shifts  ( )  remain  qualitatively  stable  under
varying analysis choices.

Importantly,  the  disease  axis  is  not  equivalent  to  any  single
principal  component[28].  Although  PCA  provides  an  unsupervised
embedding that captures dominant sources of variance, the disease
axis is  defined as a biologically anchored direction based on group
centroids[8].  This  construction  separates  the  global  variance  struc-
ture from disease-relevant progression and allows quantification of

disease severity  independently  of  the axes  of  maximal  variance.  As
a  result,  the  framework  avoids  overinterpretation  of  unsupervised
components  while  retaining  the  interpretability  and  stability  of
linear dimensionality reduction techniques[29].

Beyond  scalar  severity  scores,  the  framework  explicitly  models
treatment  response  as  a  vector-valued  process  in  a  latent  space.
This geometric formulation reveals that treatment effects in SLE are
heterogeneous  not  only  in  magnitude  but  also  in  direction[30].
While five out of six patients exhibited transcriptional shifts toward
the  healthy  end  of  the  disease  axis,  one  individual  showed  limited
movement  or  changes  oriented  orthogonally  to  the  axis.  Such
orthogonal  components  may  reflect  compensatory  responses,  off-
target  effects,  or  patient-specific  regulatory  programs  that  are  not
captured  by  a  single  dimension  of  disease  severity.  By  retaining
these directional features, the vector-based representation provides
a  richer  characterization  of  treatment-associated  molecular  dyna-
mics than that achieved using scalar pre–post comparisons alone[31].

The  integration  of  the  geometric  framework  with  3FunClu
provided  deep  biological  insights  into  the  components  of  the
disease  axis.  This  cohort-level  functional  layer  was  not  intended  to
redefine  the  disease  axis,  but  to  interpret  the  biological  programs
underlying the disease continuum identified at the sample level. By
classifying  genes  into  PRM,  FRM,  PM,  and  SM  modules  based  on
their  HC–SLE–SLE_post  trajectories,  we  found  that  the  disease
continuum  is  composed  of  distinct  functional  layers  with  varying
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Fig. 5  GO biological process enrichment of PRM, FRM, PM, and SM reveals functional layers of the disease continuum.
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reversibility.  The  finding  that  FRMs  are  broadly  aligned  with  treat-
ment-responsive  shifts,  whereas  PMs  remain  dysregulated  after
treatment, helps explain why patients often occupy an intermediate
position along the disease axis rather than return to a healthy base-
line.  By  utilizing  a  linear  embedding  and  deterministic  geometric
projections,  the  approach  avoids  overparameterization  and  mini-
mizes susceptibility to overfitting.

Several  limitations  of  our  approach  should  be  acknowledged.
First,  this  study  serves  as  a  single-cohort  proof-of-concept  des-
criptive analysis. Due to the absence of an independent external SLE
cohort,  the  generalizability  of  the  specific  axis  direction  and  gene
weights  requires  future  validation.  Second,  the  disease  axis  is
defined using cohort-specific centroids and may depend on sample
composition.  Alternative  anchoring  strategies,  such  as  external
references  or  longitudinal  baselines,  could  be  explored.  Third,  the
current analysis  does not formally adjust for demographic or batch
covariates  as  they  were  not  available  in  the  processed  matrix;
while  the  linear  choice  enhances  interpretability,  complementary
nonlinear methods may capture additional structures at the cost of
reduced transparency.

In  summary,  this  work  reframes  disease  progression  and  treat-
ment  response  as  continuous  geometric  processes  in  the  latent
transcriptomic  space.  By  integrating  unsupervised  embedding,
geometric  projection,  vector-based  treatment  modeling,  and
cohort-level  functional  trajectory  clustering,  the  latent  disease-axis
framework  provides  an  interpretable  statistical  approach  for  ana-
lyzing  heterogeneous  disease  states  and  individualized  treatment
effects.  This  paradigm  may  facilitate  a  more  nuanced  modeling  of
disease  dynamics  beyond  discrete  clinical  categories  and  has  po-
tential applicability across a broad range of complex diseases. 

Conclusions
We  proposed  a  latent  disease-axis  framework  that  describes

disease  severity  and  treatment  response  as  continuous  and
direction-aware  processes  in  transcriptomic  space.  Using  a  simple
PCA-based  embedding  and  a  centroid-defined  disease  axis,  the
framework  provides  an  interpretable  way  to  summarize  molecular
disease  position  at  the  sample  level  and  to  characterize  patient-
specific  treatment-associated  shifts  through  paired  displacement
vectors.  When  applied  to  SLE,  the  analysis  revealed  a  continuous
disease  structure  rather  than  sharply  separated  molecular  states,
together with heterogeneous treatment trajectories across patients.

By  further  integrating  3FunClu  and  GO  enrichment  analysis,  we
showed  that  the  disease  continuum  is  functionally  composed  of
transcriptional  programs  with  different  degrees  of  reversibility,
including  partially  reversible,  fully  reversible,  persistent,  and  rela-
tively stable components. Persistent modules enriched in mitochon-
drial,  energetic,  and  chromatin-related  processes  suggest  that
SLE_post  samples  often  represent  an  intermediate  molecular  state
rather than a complete return to health.

Overall,  this  framework  provides  a  transparent  and  descriptive
strategy  for  linking  sample-level  geometric  variation  with  cohort-
level  functional  interpretation  in  high-dimensional  molecular  data.
Although  demonstrated  here  in  a  small  single-cohort  SLE  dataset,
this strategy may be useful for studying continuous disease-related
variation  and  heterogeneous  treatment  response  in  other  mole-
cular settings. 
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