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Abstract

Cells execute core physiological functions through intricate molecular networks. Elucidating
these network principles is critical for understanding disease progression. However, most
current transformer-based single-cell foundation models rely on encoder-only architectures that
output abstract latent embeddings lacking explicit biological interpretability. An effective
generative framework must quantitatively map these latent coordinates back into the biological
real space of gene expression. To achieve this, we present UniGeneX, a generative single-cell
foundation model that reconstructs large-scale, multi-dataset transcriptomics data into a
quantitative space of Universal Gene Expression (UGE). By constructing the UGE space,
UniGeneX effectively disentangles the molecular spectra of cell states across health and
disease. This generative framework seamlessly integrates single-cell cohorts and spatial
transcriptomics (ST) data, facilitating cell-type identification and niche architecture mapping.
Applying UniGeneX to pulmonary fibrosis (PF) and glioma cohorts, we demonstrate its utility in
constructing comprehensive tissue atlases, tracking disease progression along a spatial niche
pseudotime, and identifying localized vascular zonation programs associated with tumor
cellular state transitions.



Introduction

The cell achieves basic function through molecular interactions that result in different
phenotypes under diverse physiological contexts. Deciphering this cellular physiology requires
extracting the fundamental rules of operation for cells, or a universal representation of the
molecular interactions in cells, from large scale data.

Single-cell RNA sequencing (scRNA-seq) provides high-resolution molecular profiles of cellular
identity and states, encoded in complex gene—gene interactions. Importantly, it captures more
than the activity of an isolated cell; rather, the overall transcriptomic profile of one cell also
reflects its biologically meaningful interactions with other cells, such as those within niche-
specific microenvironment or disease-associated programs’=3. We conceptualize these latent
biological signals within cells as gene programs, which may encode previously non-explicit
regulatory factors or contextual influences. Destabilization of these gene programs can drive
progressive diseases, such as Pulmonary Fibrosis (PF) or cancer, and these programs undergo
continuous changes as the pathology advances*®. Therefore, deciphering the gene program
trajectory is essential for understanding disease development and finding potential therapeutic
targets. Efforts to understand such underlying cellular programs include recently proposed
virtual cell models?, where one of the objectives is to learn a universal representation of the cell.
By leveraging curated, context-specific SCRNA-seq datasets at scale, an appropriate model can
define a universal gene expression space that transcends individual datasets, while remaining
relevant in a specific tissue context. Furthermore, a useful model should produce biologically
interpretable and meaningful output to reveal disease-related cell-state transitions and resolve
spatial niches.

In theory, the transformer attention mechanismé is well-suited to model pairwise gene—gene
interactions and capture the structure and dynamics of the underlying gene regulatory network.
Multi-head attention further enhances this capacity by enabling each attention head to focus on
distinct biological relationships. For example, one head may learn associations related to the
cell cycle, while another may capture programs involved in apoptosis, metabolism, or DNA
repair, effectively disentangling diverse regulatory programs within the same model®*"'. Yet
existing transformer-based approaches rely heavily on encoder-only architectures'>'3, which
output abstract latent embeddings rather than reconstructing physical, quantitative gene
expression profiles. These latent embeddings can neither be readily interpreted in the form of
gene programs, nor used for downstream mechanistic modeling. Therefore, an effective
generative framework must quantitatively map these latent coordinates back into the
interpretable biological real-space of gene expression.

Here, we introduce a generative single-cell foundation model, UniGeneX, trained on large-scale
transcriptomic data to learn the fundamental rules of cellular transcription (Fig. 1A). Unlike
existing models that focus on learning cell embeddings for subsequent fine-tuning to meet task-
specific requirements, UniGeneX reconstructs inputs into a universal gene expression (UGE)
space (Fig. 1C). Our model design provides real-space reconstruction of data that serves as a
robust foundation for integrating diverse cell states across sample cohorts and multimodal data
types. UniGeneX achieves this through four key capabilities. First, it constructs a
comprehensive UGE atlas from extensive disease- or tissue-matched scRNA-seq training data,



enabling the identification of both conserved and context-specific gene programs across
diverse healthy and pathological cell states, providing a high resolution for cellular
heterogeneity (Fig. 1B). Second, the UGE atlas harmonizes cell-type annotations across
datasets via a majority vote strategy, which leverages abundant labels in the large training
datasets. Third, the UGE atlas serves as a comprehensive reference to deconvolute bulk RNA-
seq and low-resolution spatial transcriptomics (ST) data (Fig. 1B). Finally, by scaling scRNA-
seq and ST data to a common expression space, UniGeneX generates high-resolution
pseudocells from ST data based on learned transcriptional patterns. This in turn facilitates the
integration of the UGE atlas with ST data to identify disease-relevant cell states and pinpoint
cell niches specific to disease progression in a spatial context (Fig. 1B). To demonstrate its
utility, we applied UniGeneX to model PF and glioma. Our analyses reveal that UniGeneX
effectively characterizes disease-relevant cell states and resolves complex spatial
microenvironments, providing a powerful, interpretable tool for elucidating the mechanisms of
progressive diseases.

UniGeneX overview

UniGeneX is a single-cell foundation model designed to construct a comprehensive UGE atlas
to uncover the underlying cell state transitions and associated microenvironments in human
diseases. The framework consists of two main stages: training and inference; and three novel
features: context-specific, interpretable and actionable.

In the training stage, UniGeneX is trained in an unsupervised manner on millions of single cells
and thousands of genes, comprising three critical steps: gene selection, transformer-based
model training, and cell-type harmonization. Initially, UniGeneX performs gene selection to
ensure high-quality input data. Instead of using common highly variable genes (HVGs) across
all datasets, it identifies HVGs specific to each dataset. The specific model design of UniGeneX
allows it to train only on these dataset specific HVG genes and integrate them to generate a
universal gene expression atlas.

Next, UniGeneX employs a novel transformer-based probabilistic autoencoder architecture to
construct the UGE atlas. Unlike methods that solely utilize a transformer encoder or a standard
encoder-decoder architecture, UniGeneX incorporates a KL regularization term to create a
smoother, more continuous latent space, effectively clustering similar cell states together. This
strategy confers generative ability and enable the data share information from each other, which
allows the model output gene expression profiles while eliminating batch effect.

After training, UniGeneX build an UGE atlas and annotates cell types for cells by harmonizing
cell type labels across diverse datasets. The comprehensiveness of UGE atlas provide notable
advantages for cell-type harmonization: it does not require every cell to have accurate
annotations, as cell identities can be inferred from diverse dataset annotations, and it allows for
more detailed labels by referencing the most refined annotations from other datasets.

In the inference stage, the UGE atlas offers notable interpretability and actionability. It identifies
shared gene programs across samples by following standard processing strategies of scRNA-
seq data, uncovering the spectra of gene programs during cell state transitions. The UGE atlas
facilitates label transfer in a zero-shot manner for query datasets; specifically, it reconstructs



the UGE of the query data and assigns cell-type labels from the atlas. UniGeneX’s generative
capability reconstructs UGE for data with varying numbers of detected genes, making it
applicable to highly sparse datasets.

Additionally, UGE is highly actionable, serving as a comprehensive single-cell reference
dataset that integrates multiple data type and performs diverse downstream analyses. For
example, it enables the deconvolution of both bulk RNA-seq and ST data across various
resolutions. By integrating a highly interpretable UGE atlas with ST data, UniGeneX provides a
powerful framework for deciphering cell-state transitions during disease progression and their
associated microenvironmental changes.
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Figure 1. Overview of UniGeneX.

(A) In training stage, UniGeneX takes as input a comprehensive collection of single-cell transcriptomic
datasets from a specific tissue type. Through the UniGeneX core architecture, the network learns
from these datasets to construct a unified universal gene expression atlas.

(B) Leveraging the pretrained universal gene expression atlas, UniGeneX zero-shot decomposes or

maps varied transcriptomic data types, including Bulk RNA-seq, low-resolution and single-cell

resolution ST data, and newly acquired scRNA-seq. This stage enables the identification of shared
gene expression programs (GEPs), spot/sample cell-type decomposition, and integrated scRNA-seq
and ST pseudotime tracking—ultimately facilitating disease severity evaluation in tissue pathology.

(C) Highly variable genes (HVGs) across studies are consolidated into a credible gene set for input.

Following masked gene expression embedding, a transformer encoder maps inputs into a normalized

latent coordinate space, which is subsequently processed by a transformer decoder for expression

reconstruction.

Building a universal gene expression atlas and projecting new

transcriptomics data



To assess the accuracy and efficiency of cell-type identification via projecting onto the UGE
atlas, we evaluated UniGeneX using the non-disease Human Lung Cell Atlas (HLCA)'#, which
provides consensus annotations across diverse lung studies. We accessed 32 datasets from
243 donors and 414 samples, comprising approximately 0.8 million cells. The atlas was split
into 21 training datasets and 11 held-out testing datasets, with the held-out datasets treated as
newly acquired query data requiring annotation (Fig. 2A, Fig. S1A). Before UGE generation,
direct UMAP visualization of conventionally processed expression data (normalized and log-
transformed counts) showed fragmented structures and strong dataset-associated variation,
making joint clustering, subtype comparison, and cross-study integrative analysis difficult (Fig.
S1A). In contrast, the UGE atlas resolved the major lung compartments and fine cell states,
and mapped query cells were projected into the same manifold as the training atlas, enabling
zero-shot label transfer (Fig. 2B). UniGeneX accurately recovered consensus cell-type labels
in the held-out datasets. In addition, lineage-specific confusion matrices showed consistent
performance across immune, epithelial, stromal, and endothelial lineages (Fig. 2C).

We further compared UniGeneX with two existing single-cell foundation models, scGPT'? and
scFoundation. Both methods use pretrained representations followed by classifier fine-tuning
for cell-type annotation. We evaluated annotation at both coarse and fine cell-type resolutions
(Fig. S1B). Notably, these fine-tuning strategies require separate classifiers for the two label
resolutions, whereas UniGeneX uses a single zero-shot projection and atlas label-transfer
workflow. For a fair comparison, scGPT and scFoundation were evaluated across few-shot
settings. Their performance increased as more labeled examples were provided, but UniGeneX
consistently achieved higher performance for both coarse and fine labels (Fig. 2D, Fig. S1C).
Zero-shot UniGeneX achieved mean weighted F1 scores of 0.969 for coarse labels and 0.914
for fine labels across nine held-out datasets. Even at the 32-shot setting, scFoundation reached
only 0.849 and 0.733 for coarse and fine labels, respectively, while scGPT reached 0.733 and
0.657, indicating that atlas-based UGE projection provides stronger annotation performance
without additional classifier fine-tuning. UMAP visualization confirmed that UniGeneX
predictions aligned more closely with the ground-truth subtype labels, whereas scGPT and
scFoundation showed lower accuracy and less clearly separated CD4 T cells, CD8 T cells, and
NK cells (Fig. S1C).

We next tested whether this atlas-mapping strategy remains effective when query datasets
have limited gene coverage or sparse UMI counts, two common limitations in ST data. We
considered two degraded-input scenarios. In the first, held-out cells were restricted to a
Xenium lung tissue gene panel to mimic targeted image-based spatial transcriptomics. In the
second, held-out counts were subsampled to 1%, 5%, 10%, 25%, and 50% of the original
reads to mimic shallow sequencing (Methods). In both scenarios, UniGeneX generated high
quality UGE profiles from the degraded inputs and restored marker-gene patterns that were
weakened or absent in the measured data (Fig. 2E). UMAP visualization and expression
heatmaps showed that the UGE representation recovered information learned from the
training atlas (Fig. 2E, Fig. S1E). For example, in the limited-gene-panel setting, UGE profiles
recovered the club-cell marker SCGB1A1, SCGB3A1 and the adventitial fibroblast marker
CFD, which were not directly captured by the restricted test input. In the 10% read-depth



setting, UGE preserved the same marker blocks from shallow inputs and enhanced signals
for markers such as the adventitial fibroblast gene PCOLCE?2 and the mural-cell marker
RGSS5 (Fig. 2E).

Quantitative benchmarking confirmed that these recovered representations improved cell-type
annotation under degraded inputs. In the Xenium-like panel scenario, UniGeneX achieved a
median dataset-level weighted F1 of approximately 0.80, compared with approximately 0.33 for
scGPT and 0.19 for scFoundation (Fig. 2F). In the 10% read-depth scenario, UniGeneX
achieved a median weighted F1 of approximately 0.91, compared with approximately 0.54 for
scGPT and 0.68 for scFoundation (Fig. 2F). Overall improvements were significant in all levels
of subsample rate (Fig. S1D), and lineage-level weighted F1 score showed clear gains across
epithelial and immune compartments (Fig. 2F, Fig. S1F-G). We also observed that, in the
subsampling scenario, scGPT and scFoundation often misclassified Monocyte-derived Mph as
Alveolar Mph MT-positive, a cell type present only in the training data. Inspection of immune
marker heatmap suggested a likely reason: some genes differentially expressed in Alveolar
Mph MT-positive cells are also highly expressed in other myeloid lineages (Fig. ST1H). Classifier
fine-tuning may therefore be biased by a small number of highly expressed marker genes,
whereas UniGeneX projection leverages broader transcriptomic variation in the UGE atlas. This
global projection strategy likely contributes to the stronger robustness of UniGene under
sparse-input conditions.

Together, these results show that UniGeneX provides more than a cell embedding for
annotation. By reconstructing a UGE profile in a shared atlas space, it enables zero-shot
projection of new datasets, transfer of fine cell-type labels, visualization in a common manifold,
and recovery of biologically interpretable marker programs even from low-quality
measurements. This makes UniGeneX suitable for integrating ST datasets with a large
reference atlas, including datasets with limited gene panels or reduced sequencing depth.
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Figure 2. UniGeneX validation and benchmarking in the HLCA lung atlas.
(A) Overview of the non-disease HLCA benchmark spilit.

(B) UMAP visualization of the lung UGE atlas and projection of UGE test data cells.

(C) Cell-type annotation performance of UniGeneX on held-out cells. Annotated and

predicted UMAPs and confusion matrices are shown for immune, epithelial, stromal, and
endothelial lineages.

(D) Comparison of cell-type annotation performance across different methods. Weighted F1
scores were computed for coarse and fine labels across held-out HLCA test datasets.
Points represent dataset-level scores, and distributions summarize performance across
dataset. Vertical lines show mean and 95% confidence interval.

(E) Heatmap of scaled marker-gene expression. Heatmap rows are aligned cells, columns
are marker genes, side colors indicate subtypes, and color intensity denotes scaled



expression. Genes absent from the Xenium gene panel are highlighted in red within the
UGE panel.

(F) Annotation performance under degraded-input scenarios. Weighted F1 scores are shown
overall and by lineage for UniGeneX, scGPT, and scFoundation using either the Xenium
gene panel or 10% subsampled reads. Points represent held-out datasets; summary
points and vertical lines show mean and 95% confidence interval. Significance was
assessed by paired t-test across datasets, with P < 0.05, *P < 0.01, **P < 0.001, and n.s.,
not significant.

UGE atlas of human lung in health and disease

Pulmonary fibrosis (PF) is a chronic and progressive lung disease characterized by the
accumulation of scar tissue (fibrosis) in the lungs, leading to a decline in lung function and
impaired gas exchange'. A central unresolved question is how molecular and cellular
dynamics within spatially defined niches drive disease progression and impair alveolar
regeneration’®2°, To address this, we used UniGeneX to integrate large-scale scRNA-seq and
spatial transcriptomics data across health and disease states, and to perform comprehensive
trajectory analysis in different niches (Fig. 3A).

Using >1.5 million cells from 485 samples, UniGeneX generated a UGE atlas spanning healthy
and PF lungs (Fig. 1B). Cell types were annotated using canonical markers and cross-
referenced with prior studies (Fig. 3B, C, Fig. S2B). As expected, both cell type composition
and transcriptional states are profoundly altered in PF samples (Fig. 3D, Fig. S2A, C). Notably,
we rediscovered the aberrant basaloid epithelial population previously linked to PF severity'6.17,
which is predominantly present in disease samples (Fig. 3B, D, Fig. S2C). The functional
canonical alveolar type 1 (AT1) and type 2 (AT2) cells are markedly depleted, indicating
impaired alveoli regeneration (Fig. 3D). Concurrently, airway lineages, including ciliated cells
and respiratory airway secretory (RAS) cells, expand significantly. Within RAS cells from both
healthy and diseased tissues, we identified two subpopulations
(SCGB1A1+/SCGB3A1+/SCGB3A2+ and SCGB3A1+/SCGB3A2+) that expand significantly in
disease states (Fig. 3D, Fig. S2C-D). These shifts align with prior findings, validating the
biological fidelity of the UGE atlas'”.

Alveolar regeneration is classically driven by AT2-to-AT1 differentiation. However, emerging
evidence indicates that human RAS cells in respiratory bronchioles and bronchioalveolar stem
cells (BASCs) in mice also contribute to alveolar repair?'-23, highlighting diverse regenerative
trajectories during alveolar epithelium repair. In pathological PF tissues, the aberrant basaloid
cells are thought to represent a stalled differentiation state towards AT1 cells, rather than part
of a normal regenerative trajectory’®'”. To decipher the mechanisms underlying regenerative
failure, high-resolution mapping of spatially constrained differentiation processes within distinct
tissue niches is demanded. UniGeneX addresses this by generating spatially informed
pseudocells from ST data, thereby facilitating the integrative analysis of large-scale UGE atlas
and ST data. We align these pseudocells with the scRNA-seg—derived UGE atlas, enabling
cross-platform integration on a unified expression scale (Fig. 3E). This approach generates
high-resolution spatial annotations and effectively expanding the original Xenium panel to infer
additional markers.



Overall, UniGeneX accurately annotates distinct niches, with spatial assignments showing
strong concordance with canonical marker expression (Fig. 3F-H). Moreover, UniGeneX
enables us to evaluate markers not included in the original Xenium panel. For example,
expression of AT1 markers such as CAV71?2 and AT2 markers such as SFTPA2?* and WIF1?,
which were not directly measured by Xenium, can be robustly imputed, revealing spatial
patterns consistent with their canonical biology (Fig. S3A). Similarly, basal cells localize to the
inner surface of the airways, where the canonical marker TP63 and the inferred marker ITGA6%
exhibit corresponding enrichment (Fig. 3F, Fig. S3A). Key pathological niches, including
vascular and fibrotic compartments, are precisely resolved (Fig. S3B-D, Fig. S4A-B). Together,
these findings confirm the reliability of UniGeneX.
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Figure 3. Building a human lung PF UGE atlas using UniGeneX.

(A)

(B)

Schematic workflow for analyzing human lung diseases using UniGeneX. UniGeneX is trained on
millions of human lung scRNA-seq cells across health and disease. During the inference stage,
UniGeneX expand ST data gene detection number by inferring based on UGE, facilitating
comprehensive integrative analysis.

Uniform Manifold Approximation and Projection (UMAP) of the UGE atlas, trained on millions of cells.
Colors denote distinct cell types. Left panel: cells colored by disease status. Right panel: zoomed-in
view of aberrant basaloid cells, colored by study of origin. Abbreviations: AT, alveolar type; FB,
fibroblast; SMG, submucosal gland; DC, dendritic cell; Mph, macrophage; NK, natural killer cell;
SMCs, smooth muscle cells; EC, endothelial cell.



(C) Dotplot showing expression of selected marker genes of different cell types.

(D) Barplot showing cell type proportion changes in epithelial lineage in PF versus control lungs. Error
bars represent the 95% confidence interval of proportion evaluated on n = 334 samples.

(E) UMAP of aligned pseudocells from ST data and the UGE atlas. Gray dots represent cells from UGE
atlas. Colored dots represent pseudocells from ST data, with color indicating the annotated cell type.

(F) Spatial annotation plot showing the spatial distribution of epithelial cell types (left) and log-normalized
marker gene expression (right) in selected regions (VUHD116A; unaffected).

(G) Spatial annotation plot showing the spatial distribution of endothelial cell types (left) and log-
normalized marker gene expression (right) in selected regions (VUILD107MA; IPF).

(H) Spatial annotation plot showing the spatial distribution of fibroblast cell types (left) and log-normalized
marker gene expression (right) in selected regions (VUILD106MA; IPF).

Mapping spatial pseudotime via the UGE atlas resolves disease

progression

Studies have increasingly shown that both fibrosis and dysfunctional alveolar epithelium
regeneration contribute synergistically to the progression of PF. Therefore, understanding
impaired alveolar regeneration and its spatial relationship with fibrotic lesions is critical for
elucidating disease progression. To this end, we mapped UGE from ST data onto a lung PF
UGE atlas, aligning the spatiotemporal dynamics of diverse cell populations across a continuum
of tissue states from healthy to severe disease. We first examined the regeneration of alveolar
epithelium using diffusion map analysis (Fig. 4A). In healthy samples, AT2 cells exhibited
trajectory connections to both AT1 cells and SCGB3A1+/SCGB3A2+ RAS cells, indicating their
regenerative capacity. This aligns with recent studies by Murthy et al. and Basil et al. confirming
the role of RAS cells in alveolar repair'”?225, However, this regenerative trajectory is disrupted
in pathology; diseased samples showed a marked reduction in AT1 cells and an increased AT2
to AT1 ratio, indicating a blockade in AT2 to AT1 differentiation axis (Fig. 4B). These
observations are consistent with prior reports and suggest that RAS or AT2 cells fail to
terminally differentiate into AT1 cells, instead adopting an aberrant basaloid fate in disease'®"7.
To determine the origin of aberrant basaloid cells, we first examined their spatial distribution
and found that they were predominantly localized within alveolar niches enriched with AT2 and
general capillary cells (Fig. S5A-B). A small fraction of these cells was detected in airway
niches enriched with ciliated and basal cells; however, they consistently lacked expression of
COL1A1 and FN1 and are therefore unlikely to represent the typical aberrant basaloid
population associated with fibrosis (Fig. S5C). This supports the conclusion that pathogenic
aberrant basaloid cells arise specifically within alveolar niches. Notably, by ranking
SCGB3A1+/SCGB3A2+ RAS cells based on their proximity to AT2 cells, we observed co-
expression of canonical AT2 markers and SCGB3A2, providing evidence for a regenerative
axis from RAS cells to AT2 cells (Fig. 4C). This finding aligns with prior studies on RAS cell
plasticity?®. Collectively, based on these results, we suggest that, in pathological alveolar niches,
both resident AT2 cells and RAS-derived AT2 cells fail to complete differentiation into AT1 cells
and instead adopt an aberrant basaloid fate affected by the microenvironment changes.



This assumption suggests a potential regenerative axis linking RAS cells, AT2 cells, and
aberrant basaloid cells. Integrating these observations, we propose that the trajectory from
aberrant basaloid cells toward AT1 fate represents an abnormal continuum of transcriptional
states in disease progression: transcriptional programs shifting toward AT1 identity reflect
successful regeneration, whereas diversion toward the aberrant basaloid state signifies
pathological remodeling. To visualize this trajectory, we leveraged the UGE atlas in conjunction
with ST data to reconstruct a spatiotemporal map of disease progression using diffusion map
(Fig. 4D). Importantly, after mapping the pseudotime data from the UGE atlas onto the ST cells
and projecting it back into the spatial context, we surprisingly identify a region that exhibits very
early pseudo time (Mild) even in a sample where most regions display severe fibrosis (Fig. 4E).
Correlative H&E staining confirmed the presence of healthy alveolar architecture in early-stage
regions (Fig. 4H), while mid-stage (moderate pseudotime) regions exhibited epithelial and
stromal remodeling, and late-stage (severe pseudotime) regions displayed advanced fibrosis.
We also confirmed these findings in other slices (Fig. S5D). Theses observation is consistent
with the spatially resolved pseudotime trajectory (Fig. 4D-E, 4l). The strong concordance
between histopathological severity and the spatial pseudotime assigned through UGE atlas and
ST integration validates our method for recapitulating disease progression in situ (Fig. 41).

To further characterize the microenvironment during disease progression, we investigated
changes in the composition of neighboring cells along pseudotime. We observed an increase
in fibroblast ECM-producing cells and monocyte-derived macrophages, while AT2 cells
remained relatively stable initially before declining rapidly (Fig. 4F). Additionally, alveolar
capillary endothelial cells exhibited a progressive decrease, indicating a loss of alveolar function
(Fig. 4F).

Next, we examined how the cellular microenvironment evolves along the spatiotemporal
trajectory of disease progression. Macrophages in the mild stage exhibit a normal immune
response, while in the moderate and severe stages, they activate pro-inflammatory pathways
(such as PTGDS, IL1B, and SPP1) (Fig. 4G). This transition may indicate a shift from a
balanced immune function to a dysregulated, pro-inflammatory state. Fibroblasts in the mild
stage express genes associated with tissue remodeling and repair, such as ACTA2 and CCN2.
In contrast, during the moderate and severe stages, they upregulate genes related to the
recruitment of inflammatory cells, indicating potential interactions with macrophages (Fig. 4G).
Collectively, our integrative analysis of the UGE atlas and ST data suggests that
microenvironmental shifts are not isolated to individual cell states but emerge from coordinated,
spatially organized cellular interactions within niches. This implies that clinical outcomes are
shaped by the collective functional architecture of cell communities, rather than by the isolated
phenotypes of single cell types.

Leveraging UniGeneX to characterize the formation of aberrant basaloid cells, we conclude
that the regenerative axis linking RAS cells, AT2 cells, and AT1 cells is disrupted in PF.
Importantly, we defined disease severity scores to capture the spatiotemporal evolution of
alveolar niches and used these scores to identify concurrent changes in microenvironment
composition and associated shifts in cellular states.
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Figure 4. Defining disease progression through the integrative analysis
of the UGE atlas and ST data using UniGeneX.

(A) Diffusion components (DCs) maps showing the trajectory relationship between 5 epithelial subtype
cells from UGE atlas (left). Pseudocells from ST data were also aligned to the UGE atlas, colored by
their assigned cell type (ST data), while UGE atlas cells are shown in gray.

(B) Bar plot showing the ratio of AT2 to AT1 cell counts across samples, stratified by disease status:
unaffected, less affected, and more affected. Error bars represent the 95% confidence interval of the
ratio, based on n = 8 (unaffected), n = 8 (less affected), and n = 13 (more affected) samples. Pairwise
comparisons used two-sided Mann-Whitney U tests with Holm correction for three comparisons.
Significance symbols denote Holm-adjusted P-values: ns, P 2 0.05; *, P < 0.05; **, P < 0.01; ***, P <
0.001; ****, P < 0.0001.
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Heatmap showing co-expression of AT2 markers and SCGB3A1*/SCGB3A2* cell-specific markers
in SCGB3A1*/SCGB3A2* cells, ordered by the proportion (prop.) of neighboring (nrb.) AT2 cells.
Color intensity denotes log-normalized expression.

Disease severity is quantified using diffusion pseudotime along the trajectory from AT1 to aberrant
basaloid cells in the UGE diffusion map (left). Spatial transcriptomics (ST) pseudocells were aligned
to the UGE diffusion map and colored by transferred diffusion pseudotime values; UGE atlas cells
are shown in gray (right).

Contour map of spatial pseudotime for ST-derived cells mapped in (D), overlaid on an H&E-stained
tissue section (sample VUILD106MA,; IPF) in a representative region.

Proportion of neighboring cell types, ordered by spatial pseudotime.

Relative expression of stage DE genes in FB ECM and Monocyte-derived Mph represented as Z-
scores. Relative expression (Z-scores) of stage-associated DE genes in FB ECM and monocyte-
derived macrophage populations.

Examples illustrating niche heterogeneity across regions of varying disease severity. Top row: H&E
images of the boxed regions in (E). Middle row: H&E images overlaid with selected cell types mapped
from ST data. Bottom row: mean proportion (prop.) of neighboring (nrb.) cell types for cells aligned to
the UGE atlas in (D). The red circle in the middle row highlights representative ST spots mapped to
the UGE atlas; the surrounding area reflects the local cellular composition associated with increasing
disease severity.

Severity scores of mapped cells in (D) for the three boxed regions in (E). The severity score is defined
by both spatial pseudotime and the proportion (prop.) of neighboring (nrb,) cells of FB ECM,
Monocyte-derived Mph and Aberrant Basaloid, which significantly increase with spatial pseudotime.



An UGE atlas of glioma and human brain development deciphers gene
programs of transitions in tumor cellular states

Gliomas are among the most lethal tumors of the central nervous system. Molecular
classification has redefined glioma classifications, with mutations in isocitrate dehydrogenase
(IDH) genes serving as a key distinguishing feature?”28, IDH-mutant gliomas are typically low-
grade, grow slowly, and exhibit less aggressive behavior, whereas IDH-wildtype (IDH-wt)
gliomas are frequently diagnosed as glioblastoma (WHO grade IV) and have a much worse
prognosis?®. A long-lasting question remains about the cellular origins of these tumors with
different IDH genetic background. Several studies suggest that glioma stem cells possess radial
glial-like features®®°. However, these analyses have largely focused on glioblastoma, or
without considering the IDH genetic background®’3'. More importantly, recent advances using
genomic analysis like scRNA-seq and spatial transcriptomics have provided comprehensive
views of tumor cellular states and microenvironment (TME) composition, clearly delineating
differences between glioma with different IDH genetic background®?-3%, Therefore, dissecting
how IDH-mut and IDH-wt tumors differentially recapitulate neurodevelopmental programs could
uncover type-specific gene regulatory programs, which could serve as precision therapeutic
targets. UniGeneX, as we demonstrated in PF disease progression analysis, has the ability to
uncover the developmental trajectories that glioma tumors recapitulate by construct an UGE
atlas of both developing human brain tissues and glioma tumor samples.

By leveraging a large-scale collection of publicly available scRNA-seq datasets spanning
developing human brain tissues and glioma samples (Fig. 5A), we constructed and annotated
a joint UGE atlas (Fig. 5B, Fig. S6A). Batch effects were effectively mitigated within this joint
atlas (Fig. S6B-D). Utilizing this framework, we first identified conserved tumor cellular states
shared across samples (Fig. 5C). As expected, glioma cells with different IDH genetic
backgrounds show distinct molecular phenotypes (Fig. S6E). For IDH-wt cells, we defined 5
cellular states: Classical tumor cells (Classical-EGFRY), which show high EGFR expression and
high TCGA Classical signature®; Stem-like tumor cells (Stem-like), which enriched for neural
stem cell markers such as SOX2 and NES; Astrocyte-like tumor cells (MES-AC), which
enriched for astrocyte markers such as APOE and GFAP; Mesenchymal-hypoxia tumor cells
(MES-Hyp), which enriched for hypoxia responses signatures such as HILPDA and EPAS1
expression; Mesenchymal-inflammation tumor cells (MES-Inflammatory), which enriched for
inflammation related markers such as CARD16 and TMEM176B. IDH-mutant tumor cells were
resolved into three distinct states: an Astrocyte-like state reflecting astrocytic phenotypes (IDH-
mut AC-like); an oligodendrocyte-like state characterized by the expression of myelin-
associated genes such as PLP1 and MBP (IDH-mut Oligo-like); and a stem-like population that
exhibited an enriched signature of stemness-related markers, including SOX4 and STMN1
(IDH-mut Stem-like).These annotations are consistent with previous single cell or bulk level
studies (Fig. S6F-G)*23337 |n addition, we also noted that tumor cycling cells are dominantly
classified as classical or stem-like states, indicating the major proliferation roles in GBM (Fig.
S6H).

Next, to investigate the divergent neurodevelopmental programs associated with distinct IDH
genetic backgrounds, we performed Partition-based graph abstraction (PAGA)® on cells
developmentally related (Fig. 5D). Strikingly, IDH-wt glioma cells align along a trajectory from
radial glia, which agree with several previous studies®'. We also performed correlation analysis,



which indicated higher similarity between radial glia (RG) and IDH-wt cycling and Stem-like
cells (Fig. 5E). Several canonical markers for RG cells are also observed to have higher
expression in these cellular states, including NES, FABP7, VIM, and SOX2 (Fig. S7A). IDH-
mut tumor cells shows reduced similarity with RG cells, while oligo-like state tumor cells
enriched with higher similarity to oligodendrocyte precursor cells (OPCs), and expressed
several markers of OPC, including PDGFRA, CSPG4, and MYT1(Fig. S7B). Together, these
analyses suggest that IDH mutation status is linked to the degree of glioma cells resembling
radial glia—like phenotypes.

We next sought to identify the hijacked gene programs that drive IDH-wt GBM to mimic the
features of RG. Compared to IDH-mut cells, IDH-wt cells upregulated several pathways shared
with RG identity, including EMT, hypoxia, angiogenesis, and increased fatty acid transport (Fig.
5F). Furthermore, IDH-wt GBM exhibited a significantly higher proliferative capacity. While IDH-
mut stem-like cells do share certain developmental programs with RG, such as the regulation
of glia cell differentiation, they more closely resemble an OPC-like state, characterized active
WNT signalling and a bias toward myelination (Fig. 5F).

The UniGeneX model reveals that IDH-wt gliomas co-opt an early, multipotent radial glia—like
developmental program, whereas IDH-mut gliomas adopt later, lineage-restricted OPC
programs. The UGE atlas reveals a transcriptomic continuum across malignant states,
suggesting that these cellular states are highly plastic and responsive to external signals. Given
that the tumor microenvironment drives cellular plasticity in various cancers®®, we next
investigate how these cellular states interact with their localized microenvironmental niches by
utilizing this high-resolution UGE atlas for GBM.
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Figure 5. UniGeneX distinguishes glioma cellular states across IDH

mutation statuses.

(A) UniGeneX workflow for glioma analysis. UniGeneX is trained on millions of human scRNA-seq cells
from healthy brain and glioma samples. The model performs unbiased deconvolution for bulk RNA-
seq and spatial transcriptomic analysis.

(B) UMAP of the UGE glioma atlas. (Left) Cells colored by developmental stage and tumor IDH status.
(Right) Cells colored by cell type, including glioma, glial, progenitor, interneuron, excitatory neuron,
and immune lineages. Astro, astrocytes; Oligo, oligodendrocytes; TA, tumor-associated; “dev”
indicates early developing cells. MGE, medial ganglionic eminence; CGE, caudal ganglionic
eminence; GE, ganglionic eminence. L2-3, upper-layer neurons; L4, layer 4 neurons; L5-6, deep-
layer neurons; TAM, tumor-associated macrophage; Mg, microglia; Mo, monocytes; TAM-FTL, FTL-
expressing tumor-associated macrophages; Phag, phagocytic; TAM-Phag, phagocytic tumor-
associated macrophages; Mo, monocytes; TA-Mo-Native, tumor-associated native-like monocytes.

(C) UMAP showing glioma cellular states. Tumor cells are categorized into ten states: 3 IDH-mut and 7
IDH-wt. Cycling cells are primarily concentrated within IDH-wt Stem-like and Classical states.
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PAGA-initialized UMAP of glioma cells and RG-lineage cells. Line weight indicates connection
strength between clusters. RG cells connect with IDH-wt cycling and STEM-like cells.

Correlation heatmap of RG, globalists, and OPCs with glioma cellular states. RG correlate strongly
with IDH-wt glioma cells, particularly IDH-wt cycling and Stem-like states. Color intensity
represents Pearson correlation coefficients (PCC) between mean expression profiles of glioma
cellular states (columns) and normal reference cell types (rows).

GO term enrichment heatmap. Heatmap displays GO terms shared between RG and IDH-wt glioma,

and between OPCs and IDH-mutant glioma cells.



Vascular zonation associate with tumor cellular state transitions and
niche architecture in GBM

Spatial transcriptomics has revolutionized our understanding of GBM heterogeneity, elucidating
the complex architecture of the TME. A central feature of GBM architectural organization is the
necrotic core, a histological phenotype strongly correlated with patient survival*®. Previous
studies, such as IVY-GAP, established that microvascular regions are enriched for proliferating
cells, supporting the role of oxygen gradients in dictating cell state*'. However, this model often
overlooks the highly organized artery-capillary-venous zonation inherent to both normal brain
and tumor vasculature. While this zonation is critical for normal brain homeostasis*?, its
contribution to tumor development remains under-investigated, largely due to a lack of high-
resolution spatial data and computational frameworks capable of dissecting these complex
trajectories.

To address this gap, we integrated over 50 GBM tissue sections profiled by the Visium spatial
transcriptomics platform from public repositories®33®, First, using the UGE atlas as a reference,
we performed an unbiased deconvolution analysis on these spatial sections (Fig. S8A).
Coupling these deconvolution results with spatial coordinates allowed us to identify distinct
cellular niches defined by the local colocalization of specific cell types (Fig. S8A-B, Methods).
We summarized these colocalization patterns using a heatmap, revealing stratified tissue
regions with distinct cell-type compositions (Fig. 6A). This spatial architecture aligns with
findings from IVY-GAP and other spatial omics studies (Fig. 6B)3. Within the GBM spatial
landscape, Stem-like and Classical cellular states comprised the primary tumor mass and
exhibited significant spatial overlap. Notably, Stem-like cells also co-localized with neuronal
and glial signatures, suggesting a role in the tumor's invasive integration into the normal
parenchyma (Fig. 6C, Fig. S8C). In contrast, the necrotic region remained spatially segregated
from other areas and was characterized by MES-Hyp GBM cells infiltrated by two distinct TAM
populations (Fig. 6A). Interestingly, the MES-Inflammatory state consistently localized adjacent
to this hypoxic niche (Fig. 6D). Next, we evaluated the spatial distribution of vascular signatures,
which exhibited moderate overlap with nearly all cell types, reflecting the ubiquitous presence
of vasculature across GBM niches (Fig. 6A). However, it remains unclear whether these vessels
maintain consistent phenotypes across tissues or adapt to specific niches.

Given the canonical artery-to-vein trajectory, we next sought to investigate vascular zonation
across tumor tissues and evaluate its association with niche specialization. We first re-
annotated vasculature-related cells in the UGE atlas (Fig. 6E). With established gene markers
for arterial (ELN for endothelial cells, PTGDS for SMCs) and capillary (MFSD2A for endothelial
cells, RGSS5 for pericytes) zones, we assigned vascular identities to these cell types (Fig. 6F).
Furthermore, our analysis revealed a clear transcriptomic separation between normal and GBM
vascular states in both mural and endothelial lineages, driven by the expression of GBM-
specific markers such as PLVAP, CD93, COL4A1, and RARRES2 (Fig. 6G). Elevated
expression of these genes in GBM is frequently linked to increased vessel permeability and
fibrosis. Although the UGE atlas lacks vein-specific data, its resolution was sufficient to
distinguish arteries from capillaries for the purpose of zonation analysis.
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Figure 6. Spatial architecture and vasculature zonation in GBM.

(A) Spatial colocalization heatmap. Heatmap correlates the spatial distributions of cell types; cells with
similar distributions cluster into three distinct regions: necrotic, cellular tumor, and leading edge.

(B) Schematic of GBM spatial architecture. Lines indicate association strength between niches,
highlighting the necrotic, cellular tumor, and leading-edge layers.

(C) A Visium example. Cell-type distributions near the cellular tumor/leading edge.

(D) A Visium example. Cell-type distributions near necrotic core.

(E) PAGA-initialized UMAP of vasculature-related cells. Endothelial and mural cells are colored by
sample source, with six major cell types annotated.

(F) Vasculature zonation markers. UMAP displaying expression of ELN (arterial endothelial cells),
MFSD2A (capillary endothelial cells), PTGDS (Smooth muscle cells), and RGS5 (pericyte) to define
vessel zonation. Color intensity represents log-normalized expression.

(G) Log-normalized expression of GBM-specific pathological markers in vasculature-related cells.



(H) UMAP of vasculature-containing Visium spots. Five niches are annotated based on transcriptional
profiles.

() Log-normalized vasculature zonation marker expression across the same UMAP.

(J) Diffusion-map trajectory colored by local vascular abundance. Spots are colored by a local vascular
abundance proxy, defined as the 30th percentile of the vascular proportion within a co-localized
neighborhood comprising the target center spot and its six nearest spatial neighbors.

(K) Diffusion-map trajectory vascular Visium spots colored by velocity pseudotime, representing the

inferred spatial zonation continuum.

We next sought to investigate the spatial vascular states and their associated neighboring
cellular niches within the tissue microenvironment. However, due to the limited resolution of the
Visium platform, we leveraged the spot cell-type compositions inferred from our UGE atlas, in
combination with a novel computational model (Methods), to resolve the vascular
transcriptomic profiles within vessel-dense spots (Fig. 6H, Fig. S8D). Based on established
markers, the inferred vascular transcriptomic profiles tightly aligned with specific vascular zones,
effectively establishing a spatial map of vascular niches (Fig. 61). Capturing these spatially
resolved vascular zones in situ represents a significant advancement, allowing us to map the
functional heterogeneity of the tumor vasculature directly onto the intact tissue architecture. We
then characterized the molecular properties of these niches: Niche 1 predominantly
represented capillaries enriched for BBB integrity markers (e.g., MFSD2A, CLDNS), suggesting
preserved normal function. Niches 2 represented angiogenic capillaries with increased leakage
capacity, denoted by PLVAP and ESM1 expression. Niches 3 were enriched for contractile
genes (TAGLN, ACTA2, MYLK). Niche 4 co-expressed leakage markers alongside smooth
muscle markers (e.g., NOTCH3), indicative of the luminal enlargement of permeable vessels
(Fig. 6l, Fig. S8E). Finally, Niche 5 represented regions with fibrotic features, characterized by
high collagen expression (COL1A1, COL1A2, COL3A1; Fig. S8B). Beyond molecular features,
vessel size, approximated by spatial spot density, differed significantly across these niches (Fig.
6J). Consistent with this, larger vessels often spanned multiple distinct transcriptomic states,
reflecting a highly complex cellular composition (Fig. S8F). Together, these findings defined a
spatial vessel-state trajectory in GBM marked by progressive leakage, vessel enlargement, and
fibrosis, providing a framework for modeling vascular state progression in situ (Fig. 6K).

We next investigated whether specific vascular zonation states are associated with distinct
tumor or normal cell populations. We observed significant compositional changes along the
vascular zonation trajectory (Fig. 7A). We describe this vessel state progression in spatial
through two stages (Fig. 7B). The first stage represented a progression of capillary leakage,
transitioning from Niche 1 toward Niche 2. At the onset of this stage, Niche 1 vessels exhibited
molecular features associated with BBB integrity and were surrounded by homeostatic glial
cells (Fig. 7B). Notably, despite the maintained BBB integrity in these regions, Classical-EGFR
tumor cells predominated around these vessels, suggesting a niche preference for healthy
vasculature. Subsequently, along the transition from Niche 1 to Niche 2, we observed a
progressive increase in the leakage marker PLVAP (Fig. 61). This transition was accompanied
by an increased proportion of MES-AC and Stem-like cells, alongside a TAM-Phag population
characterized by strong phagocytic signatures. Ultimately, the accumulation of MES-



Inflammatory tumor cells suggested a link between TAM-derived inflammatory cues and tumor
state transitions. The second trajectory represented pathological vessel enlargement. In
contrast to the normal brain, GBM exhibited vessel expansion concurrent with progressive
fibrosis (transitioning from Niche 3 toward Niches 4 or 5). Along this progression, cell-type
proportions shifted dramatically, transitioning from an abundance of Stem-like and MES-AC
tumor cells toward MES-Inflammatory or MES-Hyp states (Fig. 7B). Notably, we observed that
fibrotic features were strongly correlated with MES-Hyp states, suggesting that niche factors
beyond TA-Mo-Native or TAM-FTL contribute to this microenvironment.

Synthesizing these findings, we propose a model detailing how pathological vessel state
progression drives tumor cellular state transitions in GBM (Fig. 7C). In this process,
compromised, leaky vessels likely drive niche transitions by facilitating the infiltration of
peripheral immune cells, particularly myeloid populations. During the earlier stages of this
trajectory, infiltrating myeloid cells appear to differentiate into antigen-presenting macrophages,
which we found to be closely associated with the transition of tumor cells from Classical to
Stem-like, MES-AC, and ultimately MES-Inflammatory states. Ultimately, the necrotic core was
strongly associated with vessel fibrosis and the presence of two distinct myeloid populations:
TAM-FTL and native TA-Mo-Native. While it remains to be determined whether hypoxia induces
the formation of these specific TAM populations or if these TAMs actively contribute to the
establishment of the hypoxic niche, their spatial co-localization is undeniable. To our knowledge,
this represents the first spatial framework to integrate highly resolved vascular zonation with
tumor cellular state transitions in the field.

Most GBM studies place tumor cells at the center of analysis, although tumor cell states likely
serve multiple functions within the microenvironment. Here, we instead used the vasculature
as the organizing axis and asked how pathological vascular zonation relates to neighboring
tumor and immune populations. Strikingly, vessel states were closely associated with tumor
cellular states. In addition to tumor cells, myeloid populations also varied along the zonation
trajectory, supporting a model in which reciprocal interactions among vessels, tumor cells, and
immune cells shape distinct niches during tumor progression.
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Figure 7 GBM Vessel zonation correlated with tumor microenvironment

changes.

(A) Heatmap displaying shifting neighborhood proportions (Nrb. prop.) of cell types (rows) across
individual spots of Visium ST data (columns), ordered along a vascular-state trajectory. Distinct cell
types exhibit localized enrichment across different stages of vascular zonation. The top metadata
tracks indicate spot pseudotime values (top), relative blood vessel size (middle), and tissue sections
(bottom; "Slices").

(B) Model of pathological GBM vascular progression. We propose a two-stage progression of GBM
vessel states: stage 1 corresponds to increasing capillary leakage, whereas stage 2 is characterized
by vessel enlargement and fibrosis.

(C) Schematic summarizing pathological vascular progression in GBM and its associated changes in
tumor cellular states.

(D) Representative neighboring cell-type compositional patterns across vascular-state progression. Color

indicates the relative neighborhood proportion of cell types.



Discussion

Human disease progression is a dynamic, spatially organized process. Because individual
clinical samples inherently represent isolated temporal snapshots, mapping continuous disease
trajectories requires the integration of large, heterogeneous cohorts. Although scRNA-seq has
empowered the construction of high-resolution cellular atlases, computationally reconstructing
long-range disease progression remains challenging. True biological trajectories construction
is frequently obscured by technical artifacts, inter-patient variation, and differences in
developmental stages*®. Furthermore, bridging multimodal datasets, such as single-cell, bulk
and spatial transcriptomics, is essential for a holistic understanding of disease. However,
integrating these disparate platforms at scale remains a major bottleneck.

To address this gap, we developed UniGeneX, a generative atlasing framework. By combining
transformer-based self-attention with a variational auto-encoder (VAE) architecture®*43,
UniGeneX captures global biological relationships across massive cohorts and maps them into
an interpretable, universal gene expression (UGE) space. Unlike models constrained to
learning abstract cell-level embeddings, a key feature of UniGeneX is its lightweight, flexible
generative reconstruction capability, which enables context-specific interpretation of tissue-
level data that is highly interpretable and actionable. Specifically, it facilitates reconstruction of
molecular-level, long-range cell-state progressions. These trajectories can then be directly
mapped onto spatial data for niche modelling or integrated with bulk cohorts to reveal clinical
associations. This cross-modal integration reveals a continuous spectrum of cellular dynamics
across diverse biological dimensions. To demonstrate the biological utility of this framework,
we applied UniGeneX to dissect cell states across disease progression and resolve
microenvironmental changes in two distinct pathologies: IPF and glioma.

In IPF, UniGeneX provided critical insights into the aberrant regenerative axes driving
fibrogenesis. Our analysis revealed a disrupted developmental continuum linking RAS cells,
AT2 cells, AT1 cells, and aberrant basaloid cells. We propose that the AT1 regenerative
trajectory reflects a critical balance: transcriptional drift toward AT1 identity correlates with
productive repair, whereas a diversion toward the aberrant basaloid state marks irreversible
fibrotic remodeling. Beyond cell-state transitions, our severity scoring framework captured the
continuous evolution of the alveolar microenvironment across tissues, revealing coordinated
changes in local niche compositions and cellular states. Notably, even within individual clinical
specimens, niche severity remained highly heterogeneous, underscoring that IPF progression
is spatially asynchronous and locally dynamic.

In GBM, UniGeneX enabled us to construct what is, to our knowledge, the first spatial
framework integrating high-resolution vascular zonation with tumor cellular state transitions.
Our analyses suggest that vascular zonation is closely associated with shifts in tumor cellular
states and immune composition, supporting a model in which pathological vessel progression
interacts and could shape the surrounding tumor niche. In particular, compromised and leaky
vessels correlated with transitions toward more inflammatory and aggressive tumor programs,
potentially through enhanced infiltration of peripheral immune cells, especially antigen-
presenting macrophage populations. Furthermore, the hypoxic necrotic core was associated
with vessel fibrosis and with the spatial co-localization of TA-Mo-Native populations. Together,
these findings provide a spatial framework connecting vascular remodeling with tumor-state
transitions in GBM. However, as these relationships remain primarily associative, the causal



dynamics linking vessel zonation, hypoxia, immune remodeling, and tumor-state shifts will
require direct experimental validation in the future.

Several limitations should be acknowledged. As with any atlas-based framework, rare or
transient cell states may be underrepresented in the training data*®, which could constrain the
model’s ability to fully resolve the complete spectrum of disease progression. For example, in
our GBM vasculature analysis, the limited number of vascular cells allowed us to resolve only
part of the vascular zonation continuum, primarily capturing the artery-to-capillary transition. In
addition, since the inferred progression structure is inherently influenced by cohort selection,
unrepresented clinical stages may introduce bias into the learned continuum. Our GBM spatial
analysis was similarly restricted to regions with sufficient vascular transcript coverage,
potentially leaving out some specialized vessel states. This is particularly relevant in hypoxic
core regions, where more advanced stages of vascular pathology may exist but remain
unresolved at the current spatial resolution. Finally, while UniGeneX successfully identifies
coordinated transitions across cell states and tissue niches, further mechanistic studies will be
necessary to determine how these interactions arise and to evaluate their therapeutic potential.
Overall, UniGeneX represents a significant conceptual advance in applying attention
mechanisms to decode complex disease progression. By integrating large-scale single-cell
data with spatial context, the framework enables the reconstruction of disease-associated
cellular spectra together with their accompanying microenvironmental changes. As high-
resolution spatial technologies mature, improved training strategies and broader multimodal
datasets will further refine model performance. Our analyses in IPF and GBM illustrate how this
strategy can generate interpretable biological hypotheses and establish a foundation for future
mechanistic and translational studies.

Methods

As scRNA-seq technologies matures, a wealth of data has been accumulated. To build a highly
interpretable and actionable atlasing method that can be used for integrative analysis with
various other data types, including bulk, single-cell, spatial transcriptomics data, we develop
UniGeneX. It is a generative atlasing method trained on millions of scRNA-seq data to construct

a comprehensive UGE atlas.

Training
Gene selection We utilize a unique gene selection method to ensure high-quality input data.

With training data encompassing tens of studies and millions of cells, instead of selecting an

overall HVGs that could introduce significant noise and batch effects, we choose HVGs specific



to each dataset. Our novel model design allows the model only train on these dataset specific

HVGs while still enable the construction of a UGE atlas that integrates all datasets.

Dataset specific HVGs are selected following standard strategy of HVG selection. First, raw
count cell by gene transcriptional matrix is filtered and normalized to counts per million and then
log+1 transformed within each dataset. Subsequently, 5,000 and 10,000 HVGs are separately
selected for each dataset, with only these HVGs considered as candidates for the credible set
of genes. Next, we create a credible set of genes that UniGeneX will generate for cells in UGE
atlas. For each gene that is selected as HVG at lease one of datasets, the frequency of its
occurrence in the HVG sets of 5,000 genes across different datasets is recorded. Genes that
appear in the HVG sets of a greater number of datasets are selected for inclusion in the credible
set (Fig. 1). The specific threshold for the number of datasets depends on computational costs
and the diversity of the pretraining data. In our experiments with PF and GBM, we selected
2,000 to 3,000 genes. We then assess the overlap between each dataset's 10,000 HVGs and

the credible set to serve as input for the transformer.

Note that this process leads to distinct input gene sets for each dataset. However, the
transformer architecture, with its token design and attention mechanisms, enables flexible input
lengths for different input samples while effectively integrates information from diverse datasets
by relying on their overlapped genes, which we will introduce next. After training, UniGeneX
constructs a UGE atlas from the extensive training data. For each cell, UniGeneX generates its
universal gene expression profiles for all genes from credible gene set, including those
unselected or unmeasured genes for that cell. This generative capability also mitigates batch
effects during generation, integrating information across the large training dataset. The UGE
construction is also applicable for newly coming data and will significantly enhances expression
signals for inputs that only measure hundreds of genes by leveraging information learned from
the training data.

Finally, a vocabulary is constructed for the credible gene set, treating each gene as a token and

assigning a learnable gene embedding.



Transformer architecture

Embedding In our model, analogous to how words function as tokens in a large language
model, the token of a single cell consists of two parts, gene tokens and expression tokens.
Each gene in the vocabulary is assigned a unique index. The gene token embedding is defined
by a weight matrix W, € R4 where [V] is the length of gene vocabulary and d is the
dimension of the output embedding. For gene with its index id(g) in the vocabulary, W,
embeds it to the id(g) —th row of W, denoted as e, = W,(id(g)). The log-transformed
expression value x;, of i—th cell and g—th gene is embedded by the expression
embedding network E,.,,:R - R%: €., = E.ur(xy). The final embedding for x;,, i =
1,--,N, g=1,-+,G,where N isthe number of cells and G is number of genes is as following

(Fig. S9A):

€Cig = €4 + Coxpr = Wg(id(g)) + Eexpr(xig)

With difference length of genes of cells in one batch, < pad > token will be added to pad the
input to a fixed length and these tokens will be ignored when applying attention mechanisms.
A < cls > token will be padded at the beginning of each cell’s input to aggregate information
of cells. Both < pad >token and < cls > token have their own unique index in vocabulary

and their learnable embeddings W, (id(< pad >)) and W, (id(< cls >)).

Transformer blocks Network blocks in UniGeneX follows standard transformer layer

architecture®. One block comprises of masked multi-head attention, a residual connection with
layer normalization, a two-layer feed-forward network, and a second residual connection with

layer normalization (Fig. S9B). The output of the block is as following,
h® = transformer,, g (xt-1)-

Attention _mechanisms Given a hidden layer h(® , three learnable linear projection

transform h® to the key matrix K € RS*¢ | the query matrix Q € R**?¢ and the value
matrix V € R5*4  where S is the sequence length in this batch (Fig. S9C). The dot-product

of Q@ and K, following proper scaling function and masking of padding positions, yields a



weight matrix W, € RS*S. The dot-product between W, and the value matrix V will give the
output for this dot-product attention:

Attention(h®) = scaling_and_mask (QK™) - V
Multiple dot-product attentions form a multi-head attention block, facilitating learning different
aspects of the data. The outputs of the individual heads are concatenated and pass through a

final linear layer to get final output of the attention block.

Masked autoencoder Inspired by the success of masked autoencoder in computer vision*’,

we randomly mask genes from the input cell and reconstruct masked genes in decoder. An
asymmetric encoder-decoder architecture is applied (Fig. S9D), with 12 transformer blocks in
the encoder and 4 in decoder. Instead of inserting a < mask > token in the encoder like other
transformer-based models, we remove masked tokens, so the encoder only operates on the
“visible” subset of genes (Fig. S9D). This strategy combined with the asymmetric architecture,
where encoder is deep but only process half of the token (mask ratio is 0.5 in our case) and
decoder operates on full set of tokens but is shallow, resulting in large reduce in training time
while still optimizing accurately.

The input to the decoder is the full set of gene tokens embeddings, including masked ones in
the encoder. To also incooperate cell context information, the output of < cls > token from
encoder is concatenated with all gene tokens and pass through two linear layers to get the input
for decoder.

h{*? = MLP([hE™ (< cls >), W4(id(9))]),

where h{®"(< cls >) represent the encoder output of < cls > token and h{* represent

the input for the decoder.

Transformer-based probabilistic model UniGeneX is a generative atlasing method
that can construct an UGE atlas. It achieves generative ability by applying a variational
autoencoder structure where a normal prior is added to the latent variable z, which is
hf”c) (< cls >) is our model,

z= A" (< cls >) ~ NV(0, D).



In generative process, the normalized expression observation Y;, is model as Poisson
distribution and reconstruction loss follows negative log-likelihood of Poisson distribution:
‘Cexpr = Z(?Lg - Yi,g log ?i,g)'
i.g
where ?},g is the reconstructed expression from the network and we model it as the following:
1Og?i,g ~ ]\f(,u,oz)
wo? = fo(2)
Denote the posterior distribution as q4(z | x), we fit the model by maximize the following

variational lower bound,

logpe(x) = L(6,$;x) = —Dy, (q¢(z | %) 11 pa(l)) + Egyz)x (logpe(x | 2)).
Empirically, a hyperparameter 8 is added in front of KL regularization term*3, resulting in the

final objective function:

1(6,¢) = BDis (05212 11 Po(2)) + Loy
Notably, setting f to a non-zero value is crucial for constructing a UGE atlas. When g = 0, the
model reduces to maximum likelihood estimation and tends to memorize the data, preserving
batch effects across datasets. A non-zero  imposes a prior on the latent variables, forcing
the model to integrate information across datasets and learn the underlying gene-expression
patterns; this yields a smoother, more continuous latent space in which similar cell states from

different samples lie close together, producing similar reconstructions in UGE atlas.

Inference

Newly acquired data, either be single-cell data or spatial data with limited measurement of
genes, undergoes a similar gene selection method as in the training stage. This includes
transforming the data to a log scale, selecting HVGs, and ensuring overlap with credible gene
set. We eliminate mask operations and the input for decoder is all gene tokens from the credible
gene set concatenated with cell specific latent variable (Fig. S9E). This enables generation of
the UGE for newly acquired data by leveraging information from the training set. Integrative
analysis between these UGEs and the UGE atlas is straightforward. For example, cell type

annotation, pseudotime assignment.



Cell type harmonization To harmonize cell type labels across diverse datasets, we
employed a majority voting method. We applied standard dimensionality reduction and
unsupervised clustering to UGE atlas, then counted the annotation labels from the original
datasets within each cluster (Fig. S9F). Cell type labels were ranked by their percentage within
each cluster. Since UniGeneX reconstruct training data in UGE space, different labels often
correspond to the same cell states within a cluster. This strategy also benefits from the
comprehensiveness of UGE atlas, cell’s state can reference to diverse studies. We can select
the final label as the top-ranked label for the cluster or make modifications based on the

subsequent ranked labels.

Building two scenario data
Scenario 1: Xenium gene panel Human lung ST data from Xenium platform was downloaded

from 10x Genomics (xenium-human-lung). Held-out testing datasets from HLCA’ gene was

intercept with Xenium human lung panel.
Scenario 2: Read-depth subsampling To evaluate low-depth robustness, raw test counts
were subsampled to fractions of the original read depth (1%, 5%, 10%, 25%, 50%). For cell i,

with count vector x; = (xq1,X12,°**,X;c) and library size L; = ), x;4, the retained library size

ig»

was
M; = floor(rL;), withr € [0.01,0.05,,0.10,0.25,0.50]

Subsampling was performed at the UMI level rather than by multiplying counts. We sampled

M; UMI identities from the total L; uniformly without replacement to obtain the subsampled

).

i

profile x

xi(r) ~ Multivariate Hypergeometric (x;, M;)

) _

g

This preserves the empirical gene-composition structure of each cell while reducing its library

size to approximately r of the original depth.

Cell type annotation and atlas mapping



UniGeneX The UGE profiles were generated with the retrained UniGeneX training checkpoint
without any fine-tuning. Specifically, normalized and log-transformed data intercect with
credible gene set and then to tokenized for both expression and gene identify and pass though
the trained UniGeneX model. UniGeneX generates UGE for each cell with gene space of
credible gene set. To obtain annotation predictions, each UGE profile was projected into the
HLCA atlas PCA space and matched to atlas cells by cosine k-nearest neighbors (k = 30). For

query cell g, predicted fine annotation was assigned by neighbor majority vote:

scoreq(c) =+

" [(ya =)

a€Ng(q)

94 = argmaxscore,(c)
c

P, = max scorey(c)
c

where N, (q) is the atlas-neighbor set, y, is the atlas cell type annotation of cell a, and p, is
the mapping confidence. In benchmarking, cells of which confidence lower than 0.5 are
considered low quality and filtered.

Compared methods

In few-shot settings, for each cell type, we randomly sampled at most K labeled cells, where K
is the specified shot number, and used this balanced subset to train the classifier. The trained
classifier was then evaluated on the matched held-out query cells to measure annotation
performance under limited-label conditions.

scGPT scGPT was evaluated using the published cell-type annotation fine-tuning workflow with
the pretrained human scGPT checkpoint. Expression matrices were preprocessed as binned
inputs (n_bins = 51), matched to the pretrained gene vocabulary, tokenized with a
leading <cls> token, and padded to a maximum sequence length of 3001; zero-count genes
were excluded from the input sequence. The transformer classifier was fine-tuned for 10 epochs
using the cell-type classification objective with cross-entropy loss. Optimization used Adam with
learning rate 1e-4, mixed precision training, dropout 0.2, and a step learning-rate scheduler

with decay factor 0.9.



scFoundation scFoundation was evaluated using the published model checkpoint and linear-
probing annotation workflow. Input matrices were first aligned to the scFoundation 19,264-gene
vocabulary (OS_scRNA _gene_index.19264.tsv); genes absent from a degraded input were
zero-filled, and all genes were ordered according to the required vocabulary. Counts were
library-size normalized, log-transformed, and augmented with read-depth features before being
passed to the pretrained scFoundation cell encoder (models.ckpt). A linear-probing classifier
was trained on the resulting cell representations to predict cell-type labels using cross-entropy
loss, Adam optimization with learning rate 1e-4, mixed precision, gradient clipping, 10 training
epochs, and the same scheduler decay factor of 0.9. The fine-tuned classifier was then used

to assign fine cell-type labels and class scores to the matched held-out query cells.

Benchmarking metrics

All methods were evaluated with the same post-processing rules. Cells with missing or
“Unknown” true labels were removed. The held-out datasets HLCA_ Schultze_unpubl and
HLCA_Shalek_2018 were excluded from metric summaries because of low quality. To reduce
instability from extremely rare labels, fine cell types were retained only if they had at least 25
cells within a given dataset group.

Metrics were computed independently for each held-out dataset and then summarized across
datasets. For each class ¢, TP, denotes cells truly belonging to class ¢ and predicted as c;
FP. denotes cells from other classes incorrectly predicted as ¢; FN_.denotes cells from class
¢ incorrectly predicted as another class; and TN, denotes cells from other classes correctly

not predicted as c. Precision, recall, and F1 score were then defined as:

. . TPC
Preasomc = m
TP.
Recalle =75+ FN,

Precisoin, * Recall,
Fl1,=2

c

%
Precisoin, + Recall,

Weighted F1 was used as the primary multiclass score:
n.-F1,

Weighted F1 =
g S

Where n, is the number of cells in cell type c.



Accuracy was computed as:

# correctly predicted cells

A =
ccuracy # evaluated cells

PF ST data cell type annotation with UniGeneX

The raw cell-by-gene transcriptional matrix is filtered and normalized to counts per ten thousand
due to the low measurement depth and limited number of measured genes inherent to Xenium
technology. Then log+1 transform is applied. With UniGeneX model trained on millions of lung
single-cell data, the normalized spatial cell-by-gene data is tokenized for both expression and
gene identify and pass though the trained UniGeneX model. The model output the UGE for
each cell in ST data which contain the expression of credible gene set with nearly two thousand
genes. With UGE atlas and UGE of ST data, the cell type label from UGE atlas can be
transferred to ST data using nearest neighbor search algorithm
sklearn.neighbors.NearestNeighbors. More specifically, the principal components (PC)
loadings are calculated using UGE atlas, the corresponding PCA representations are fitted to
a nearest neighbor model with n_neighbors = 30. The UGE of ST data is projected to PC
loadings of UGE atlas and 30 nearest neighbors from UGE atlas are found for each cell in ST
data using trained nearest neighbor model. The cells which the composition of dominated cell
type in nearest neighbor of UGE atlas smaller than 0.3 are considered low quality and filtered.

The other cells are assigned label of dominated cell type in nearest neighbor of UGE atlas.

Variation of PF cell gene expression with neighboring cell types

Given a target cell type, for example, SCGB3A1+/SCGB3A2+ in our case, 30 neighboring cells
in spatial context are selected using sc.pp.neighbors. Cell type composition Z,,, € RNsT*M
where Ny is the number of ST cellsand M is the number of cell types, are calculated for each
cell which is considered as cell’'s microenvironment. To investigate cell state variation along
with  variation of microenvironment, for example, the molecular variation of
SCGB3A1+/SCGB3A2+ along its proximation to AT2 cells, cells are order by the neighboring

AT2 composition and genes of interest are visualize after smoothing.



Spatial pseudotime

Diffusion pseudotime are assigned to UGE atlas first, using function velocity pseudotime from
scVelo package. Next, UGE of ST data are mapped to UGE atlas the same way as in cell type
annotation with neighbor=300. The resulting “connectivities” matrix ¢ € RNsT *Nsc, where Ny,
is the number of ST cells mapped to UGE atlas, and N is the number of UGE atlas cells used
to be mapped. The index of interested cells (cells along trajectory from AT1 to Aberrant
Basaloid cells) are used to get a subset connectivities matrix Cy,;, € RVs7*¥sc_ This matrix is
then normalized by row and multiply the pseudotime from UGE atlas,

tsp sub " bser
where t,, € RVsc is the pseudotime of interest cells in UGE atlas and tsp is the transferred

pseudotime from UGE atlas to ST data.

Neighboring cell molecular variation along pseud time

Given cells from AT1 to Aberrant Basaloid trajectory, to investigate the neighboring cell type,
for example, FB ECM'’s gene expression variation, cells that contain FB ECM as neighbors are
filtered and the neighboring FB ECM’s mean expression are calculated. Cells are further divided
into 3 groups, early pseudotime, median pseudotime and late pseudotime. The DE analysis is

then applied to find DE genes between stages.

Bulk data deconvolution

Normalized matrices from the Cancer Genome Atlas (TCGA) bulk RNA-seq samples were
downloaded from the Genomic Data Commons (GDC). The cohort includes 695 samples in
total, comprising 446 IDH-mutant and 249 IDH-wild-type cases. RCTD? model is used to
deconvolute bulk samples using UGE atlas as reference data. Developing cell states are
removed from reference. Specifically, cell from samples in the first, second or third trimester or
cell types predominantly originating from immature samples. Tumor cell states in UGE atlas are
divided into IDH-wild-type specific or IDH-mutant specific, and two groups are used as

reference to deconvolute IDH-wild-type bulk samples or IDH-mutant bulk samples respectively.



GBM ST data deconvolution

The spots with total counts smaller than 1000 are filtered and slices with median total counts
smaller than 2000 are also filtered. With low resolution Visium data, to identify cell type
composition in spots, we used Cell2location’ model to deconvolution the Visium spots to cell
state compositions with IDH-wide-type specific UGE atlas as reference data, the same as used
for TCGA bulk data. We include the following modification of Cell2location model to get better
deconvolution results. In Cell2location model, the elements of spatial expression count matrix

d, , are modeled as negative binomial distribution,

S,g

dsg ~ NB(”S.g' eg )'

with locations s, gene g and multiple datasets e. The expression rate y; , is further modeled

as a linear function of reference cell type signatures g ,:

Usg = | My - Z Wsrdrg t Seg | Vs
f

where w;, denotes the abundance of cells expressing cell type f at location s; m, is a
gene-specific scaling parameter and s, , is gene-specific additive shift. Originally, s, is
modeled as Gamma distribution which parameter are learned from the data. However, we found
the Gamma distribution could not adjust for the background expression of genes, which may
bias the deconvolution results. To address this, we down weight these highly expressed genes

by including the observed background gene expression in s, , as following,

eg
Seg ~ N(log(dy +¢€),1),

where ci,g is the observed log-normalized mean of gene g. We adjust Cell2location model

parameters N_cells_per_location=20 and the others remain the default setting.

Spatial distribution graph
With highly irregular distribution of cell types in spatial, we partition the slice into 4 regions

according to the enrichment level of certain cell type C,.,..-. FOr any other cell type C, the non-



zero mean of cell type composition in each region are calculated in each region to get a 4

dimensional vector wC(C‘f"’"t"). Next, we randomly shuffle the position of spots 10 times and

calculate the baseline wéice"‘e’), i=1,2,,10. We get the z-score of w as following,

(Ccenter) __ W(Ccenter)
chenter — C C,mean
¢ W(Ccenter) _ ., (Ccenter)

C,mean c,min

1 . . .
where wscenter) = o iy wSeenter) yy Coenter) min wiSeener) Then the z-score are binarized

to a 4 dimensional one hot matrix to assign cell type C to one of the regions of C.epier-
Concatenate all cell type result in a matrix Z(Ccenter) ¢ RF X4 where F is the number of cell
type. The rows whose entropy smaller than 0.8 are set to all 0, which are considered do not
have clear distribution. Concatenate all partition way by different center cell type, result in the
final matrix z-score matrix Z € RF*“M_ The correlation between rows of Z are considered
colocalization score between two cell types. The linkage algorithm can be further applied to
group cell types.

To further investigate the relative spatial distance between groups of cell types, G; and G,, the
weight between them is calculated as following. Consider a slice partition with respectto C_.,¢er
G, gather in partition i and G, gather in partition j. Record that partition represent the
enrichment level of C,.,;.,. If the enrichment level of partition i and partition j is the same or
adjacent, the weight between G, and G, isincreased by 10. In this case we consider G, and
G, to be relatively close in distance. Otherwise, the weight does not increase. Finally, a graph
with cell type groups as nodes and beforementioned weight as edge weight, can be built to

indicate the spatial distribution of cell types.

Vascular analysis

We model the gene expression of spot s and gene g, Y; ,, as a sample drawn from a Gamma

g
Poisson distribution,

Yog ~ GammaPoisson(lS -ys,g,ag)
where the mean expression is the multiplication between u,, and library size [;. The

parameter «a, is the gene-specific dispersion term. We further model the mean term u, as

following,



1Og.us,g = <:Bs,vas xs,g,vas + Z Bs,kxs,g,k>'

k+vas
where g, is the cell type proportion of cell type k in spot s derived from Cell2location model
and x,,, is the underline expression of cell type k in spot s of gene g after removing the
effect of cell type proportion.
To infer the underline expression of vascular and investigate their variation in disease
progression, we selected spots that f;,,; > 0.5 and genes which B 4 X5 4,q4s Will dominant
Dkevas Bs i Xk,s,g- More specifically, we empirical use the following threshold to select genes that

considered expressed by vascular:

Qq ( .Bs,vas fg,vas > > 3’

Zkivas .Bs,kfg,k

where @, indicate the g-th quantile and we choose q = 0.7. The mean expression of cell type
k and gene g, x,, is the inferred single-cell reference signatures by Cell2location model.
By filter spots and genes, we could omit ¥.qs Bs kX5 gk t€rm. To remove batch effect between

samples, we further model x,,,; as following,

— & batch
xs,g,vas - xs,g,vas + xg

where x/%" is the slice-specific gene-wise batch effect. Approximate variational inference is

used to estimate underline vascular expression % implemented by pyro. The inferred

s,g,vas’

X5 gvas 18 further used to identify vascular cell states variations in tumor progression.

Data availability

The HLCA for validation and building PF atlas is publicly available and can be downloaded via
cellxgene (https://cellxgene.cziscience.com/collections/6f6d381a-7701-4781-935¢-
db10d30de293). The Xenium PF dataset can be obtained from GEO under accession code
GSE250346. The GBM atlas can be accessed under GEO series GSE199762, GSE217511,
GSE182109, GSE199762, https://cells-test.gi.ucsc.edu/?ds=early-brain, GSE204684,
GSE168408, GSE162170, GSE131928, GSE163120 and
https://cellxgene.cziscience.com/collections/999f2a15-3d7e-440b-96ae-2c806799c08c. GBM
Visium data can be obtained from http://(www.gbmspace.org/ and

https://zenodo.org/records/12624860.



Code availability

The Python package for UniGeneX is hosted at
https://github.com/xwanaf/UniGeneX/tree/main. The code used for the reproducibility of
UniGeneX’s downstream analysis can be found in the GitHub repository

https://github.com/xwanaf/UniGeneX_reproducibility.
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