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Abstract

Single-cell sequencing has advanced our understanding of cellular heterogeneity and disease pathology, offering insights into cellular
behavior and immune mechanisms. However, extracting meaningful phenotype-related features is challenging due to noise, batch
effects, and irrelevant biological signals. To address this, we introduce Deep scSTAR (DscSTAR), a deep learning-based tool designed to
enhance phenotype-associated features. DscSTAR identified HSP+ FKBP4+ T cells in CD8+ T cells, which linked to immune dysfunction
and resistance to immune checkpoint blockade in non-small cell lung cancer. It has also enhanced spatial transcriptomics analysis
of renal cell carcinoma, revealing interactions between cancer cells, CD8+ T cells, and tumor-associated macrophages that may
promote immune suppression and affect outcomes. In hepatocellular carcinoma, it highlighted the role of S100A12+ neutrophils and
cancer-associated fibroblasts in forming tumor immune barriers and potentially contributing to immunotherapy resistance. These
findings demonstrate DscSTAR’s capacity to model and extract phenotype-specific information, advancing our understanding of
disease mechanisms and therapy resistance.
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Introduction
Recent advances in single-cell sequencing have revolutionized
biomedical research and clinical diagnostics, unveiling cellular
diversity at an unparalleled scale, providing insights into devel-
opmental biology [1], disease progression [2], immune function
[3–6], and prognostication [7, 8], but also introduce challenges.
One of the most significant hurdles is accurately identifying
phenotype-associated cellular subtypes within the vast single-cell

data landscape [2, 3]. This challenge is compounded by data
processing complexities, such as batch effect correction, and by
the presence of biological signals that may not correlate with the
phenotypes being studied. Thus, innovative solutions are needed
to address these complexities.

Current methods such as Harmony [9], scMerge [10], scMerge2
[11], MNN [12], Seurat [13], and LIGER [14] aim to enhance data
observability and reduce batch effects, but they may distort or
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eliminate crucial phenotypic features [15], obscuring valuable
insights into cell heterogeneities and interactions.

Approaches like HiDDEN [16] refine cell-level labels in single-
cell datasets by transforming sample-level labels into cell-specific
continuous scores using dimensionality reduction and predictive
modeling. This process enhances the identification of phenotype-
associated cell types by accurately distinguishing affected from
unaffected cells based on their transcriptional profiles. Our initial
endeavor, scSTAR, utilized a partial least squares (PLS) model [17],
reconstructing expression data using phenotype information to
reveal phenotype-associated cell subtypes.

Although scSTAR has made progress [18, 19], its primary limi-
tations lie in handling complex features and larger datasets that
are increasingly common in contemporary research settings. Deep
learning has been widely applied in various bioinformatics studies
[20–24], demonstrating its potential to address challenges in large-
scale and complex biological datasets. To address these issues,
we introduce Deep scSTAR (DscSTAR), an advancement over the
original scSTAR [17], which integrates deep learning to man-
age large-scale single-cell datasets. DscSTAR extracts phenotype-
associated features by preserving biological signals through a bal-
ance of reconstruction and orthogonal loss, uncovering previously
hidden cellular interactions.

DscSTAR has revealed that elevated expression of HSP genes
and FKBP4 in CD8+ T cells correlates with immune dysfunction,
offering potential markers for resistance to immune checkpoint
blockade (ICB) therapy in non-small cell lung cancer (NSCLC).
These genes are also enriched in CD8+ T cells unresponsive to
ICB therapy in basal cell carcinoma (BCC) and adoptive cell trans-
fer therapy in skin cutaneous melanoma (SKCM). In renal cell
carcinoma (RCC), DscSTAR’s spatial transcriptomics (ST) anal-
ysis identified interactions between mesenchymal-like cancer
cells, CD8+ T cells, and tumor-associated macrophages (TAMs),
which may contribute to immune suppression and worsen patient
outcomes. Furthermore, DscSTAR highlighted the critical role of
S100A12+ neutrophils and cancer-associated fibroblasts (CAFs)
in forming tumor immune barriers in hepatocellular carcinoma
(HCC), potentially contributing to immunotherapy resistance.

Results
Overview of deep scSTAR
DscSTAR is designed to compare two groups of specific cell types
from different biological or clinical conditions, such as disease
severity, tissue origin, spatial location, or custom phenotype
labels, like binary classification based on the expression of spe-
cific genes. DscSTAR involves three major steps (see Materials and
methods section): (i) Unchanged cell recognition between the two
conditions using scCURE [25]. (ii) Constructing a PLS discriminant
analysis (PLS-DA) model on the unchanged cells and reducing
noises. (iii) Extracting the phenotype-associated cellular features
by leveraging a supervised multitask learning (MTL) model.

The workflow of DscSTAR begins by identifying unchanged
cells across different conditions using scCURE. scCURE employs
a Gaussian mixture model (GMM) to cluster cells with consistent
biological traits. It can automatically determine the optimal num-
ber of clusters through the Akaike Information Criterion, offering
flexibility in clustering without the need to pre-specify cluster
counts. Additionally, users have the option to manually set a clus-
ter count if domain knowledge suggests a more appropriate value.
This approach aligns each cell with the most suitable Gaussian
model and accurately identifies “unchanged cells” by evaluating
the Kullback–Leibler (KL) divergence. The unchanged cells are

considered consistent and stable between pairs of conditions,
with observed differences primarily attributed to noise rather
than significant biological influences [25]. While subtle biological
differences may exist, scCURE models these differences using
phenotype-labeled single-cell expression data, ensuring that the
variations among unchanged cells are minimally correlated with
phenotype differences [25]. After distinguishing unchanged cells,
the next step employs a PLS-DA [17] model trained on these
cells to reduce random noise, irrelevant biological signals, and
batch effects, focusing on minimizing variability unrelated to the
phenotype labels being modeled. This denoising step is inten-
tionally aggressive to maximize signal clarity. Recognizing the
potential for over-filtering of subtle biological differences, we pro-
vide users with the option to skip this step and directly enhance
phenotype-relevant features. This ensures flexibility and adapt-
ability to diverse datasets.

The final step leverages a supervised MTL model to further
process the noise-reduced data. The aim of this step is to iso-
late and extract the phenotype-associated components. The MTL
model achieves this by employing a denoising autoencoder (DAE)
to map the original data into a latent feature space. Within this
space, multi-layer perceptron (MLP) is utilized to introduce classi-
fication loss for distinguishing cells from different phenotypes to
extract phenotype-associated dynamic features while balancing
reconstruction loss and orthogonal loss, ensuring that phenotype-
related features are faithfully retained during data reconstruc-
tion. The workflow of DscSTAR is illustrated in Fig. 1.

Evaluation of DscSTAR’s ability to enhance
phenotype-related features on simulated
datasets
To evaluate the effectiveness of DscSTAR in revealing phenotype-
associated cell subtypes, we first compared the full version of
DscSTAR, as well as a variant of DscSTAR that only underwent the
step2 noise reduction (DscSTAR_nr) without proceeding to step3,
with unprocessed data and four expression matrix correction
algorithms: scSTAR [17], scMerge2 [11], Harmony [9], MNN [12],
and SAVER [26].

Following the protocol derived from Zou et al. [17], we
simulated a pair of phenotype data with a control group and a
case group. The control group was generated by distributing cells
via a bivariate normal distribution, which were then projected
into a high-dimensional gene expression space with normally
distributed random noise added to create the initial case group.
Subsequently, phenotype differences were introduced to the
initial case group to generate cell subtypes characterized by
phenotype-specific differentially expressed genes (DEGs). These
methods were rigorously tested across 15 different scenarios in
the case group, with an adjusted number of subpopulations (2, 3,
and 4) and degree of FC (fold change, 1.2, 1.3, 1.4, 1.5, and 2) of
DEGs. Specifically, we generated 10 simulated datasets for each
of the 15 different combinations of clusters and FC, resulting in
a total of 150 synthetic datasets. After processing, we performed
unsupervised dimensionality reduction and clustering on the case
group to evaluate the algorithms’ ability to explain phenotype-
related subtypes.

First, the adjusted rand index (ARI) [27] was used to assess
the alignment between clustering outcomes and ground truth
labels. At low signal strength (FC = 1.2), DscSTAR excelled in
identifying phenotype-associated cell subpopulations (Fig. 2a),
achieving higher ARI scores than scSTAR across all conditions.
While scMerge2 and MNN performed well at higher signal
strengths (FC = 2, Fig. 2a), DscSTAR maintained high ARI scores
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Figure 1. The workflow design of the DscSTAR. The input is the expression data with phenotype labels, three steps are then applied.

under various conditions, demonstrating robustness in preserving
phenotype-associated cell heterogeneities. The average silhouette
width (ASW) metric (Fig. 2b, Supplementary Fig. S1a) also showed
DscSTAR’s superiority in cluster separation. Unlike scSTAR, which
overemphasizes features in larger datasets (high ASW but low F1
score), DscSTAR preserved data structure and ensured balanced
clustering.

In addition, the F1 score was used to evaluate DEG accuracy
with Seurat’s “findallmarker” function, using the ground-truth
labels to assume optimal clustering for all methods. This allows
for an evaluation of DEG recovery, independent of clustering
performance (Fig. 2c). The F1 score reflects the method’s ability
to recover DEGs, and an increase suggests better retention of
biological signals, while a decrease indicates loss of important
details for phenotypic analysis. Both SAVER and DscSTAR out-
perform the unprocessed data (Fig. 2c), demonstrating that both
methods recover DEGs that were masked in the raw data. How-
ever, SAVER imputes missing values across all data, excelling in
DEG identification but also amplifying unrelated signals, which
may distort the topological structure of data. As a result, SAVER
showed lower ARI and ASW (Fig. 2a and b). DscSTAR, designed to
preserve phenotype-related heterogeneity, performed well in clus-
tering while also recovering DEGs. Its overall F1 score is second
only to SAVER (Fig. 2d, Supplementary Fig. S1b). Additionally, we
assessed DscSTAR’s performance at clusters as 6 and FC levels
of 1.3, 1.5, and 2.0. The ARI and ASW results were consistent
with previous evaluations, and it is worth noting that DscSTAR
performed best in terms of F1 score at the low FC (1.3) condition
(Supplementary Fig. S1c).

Optimal single-cell RNA sequencing analysis should be able to
balance noise reduction with the preservation and enhancement

of biological signal integrity. DscSTAR excels in this regard,
underscoring DscSTAR’s strengths in single-cell analysis (Fig. 2d).
Additionally, uniform manifold approximation and projection
(UMAP) mapping of cell topological structures illustrated the
ability of DscSTAR to clearly delineate different cell subtypes,
even in low signal scenarios (3 subclusters, FC = 1.2, Fig. 2e).

DscSTAR detects the key cell subtypes missed by
the standard analysis in the simulated ground
truth datasets of cell-type mixtures
To evaluate the performance of DscSTAR in identifying key cell
subtypes in heterogeneous cell mixtures, we utilized simulated
datasets designed to mimic biologically relevant perturbation
scenarios. These datasets were constructed using single-cell RNA-
seq profiles of Naive B and Memory B cells derived from peripheral
blood mononuclear cells. Specifically, the control group consisted
entirely of Naive B cells, while the case group was composed of
95% Naive B cells and 5% Memory B cells, simulating a highly
imbalanced condition where Memory B cells were present as a
rare subtype.

Under these conditions, standard dimensionality reduction
methods generated a highly heterogeneous latent space that
obscured the cluster of perturbed Memory B cells (Fig. 2f).
Attempts to adjust parameters such as the number of principal
components, clustering resolution, or integration methods (e.g.,
BBKNN or Harmony) did not resolve this issue (Supplementary
Fig. S1d).

In contrast, DscSTAR, by levering case/control labels, success-
fully resolved five subclusters (Dsc_0 to Dsc_4). Among these,
Dsc_1 and Dsc_4 effectively captured the Memory B cell signal,
with Dsc_4 specifically identifying an activated transitional state

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
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Figure 2. Evaluation on simulated datasets. (a) ARI-based clustering performance comparison across three cluster settings at different fold changes
(FC = 1.2, 1.3, 1.4, 1.5, and 2.0). (b) ASW-based clustering performance, averaged over all tested cluster numbers and FC conditions. (c) F1-scores of
DEGs identified by three cluster settings, averaged over all cluster numbers and FC conditions. (d) Dot plot ranking of tested methods across three
evaluation metrics. The cumulative ranking is based on the average ranking across these metrics. (e) The UMAP plots depicting the distinctiveness of
cell subclusters at 3C, FC = 1.3. (f) UMAP embeddings comparing DscSTAR and traditional analysis (BBKNN). The top row represents DscSTAR-processed
data, while the bottom row represents data processed using the standard BBKNN pipeline. From left to right, UMAPs are labeled by Leiden cluster
assignments, ground truth cell type labels, and condition labels. (g) Dot plot showing the mean expression levels of Naive B, Memory B, and Plasmablast
marker genes. The size of each dot represents the percentage of cells expressing the marker, while color indicates mean expression. (h) Dot plot showing
the mean expression levels of DE genes in the case group and control group. (i) Sankey diagram illustrating the relationship between DscSTAR-identified
subclusters (Dsc labels) and the original clusters (Ori labels) from the standard analysis. (j) Violin plot displaying pseudotime (ptime) distributions across
different clusters.

shared by Memory B cells and plasmablasts (Fig. 2g). Furthermore,
Dsc_4 clearly revealed the DEGs between case and control
samples (Fig. 2h). In comparison, the standard analysis merged
Dsc_4 within larger clusters such as Ori_C3 and Ori_C2, masking
the transitional state from Memory B cells to plasmablasts
(Fig. 2i). We further compared our results with Hidden [16]. While
hidden revealed an association between Memory B cells and the
case condition, it failed to resolve finer subpopulation structures

[16]. In contrast, DscSTAR not only detected the Memory B cell
signal but also uncovered a distinct case-associated subcluster
(Dsc_4) representing the transition from Memory B cells to
plasmablasts, thereby providing a more detailed view of the
perturbation response.

To validate the DscSTAR-discovered subclusters, we con-
ducted pseudotime analysis using scTour, which confirmed
a developmental trajectory transitioning from Naive B cells
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to Memory B cells and subsequently to the intermediate
Memory B–plasmablast subtype (Fig. 2j). Standard analysis
failed to produce similar pseudotime results (Supplementary
Fig. S1e).

Identifying an HSP-associated exhausted CD8+ T
cell subpopulation related to immunotherapy
A recent pan-cancer T cell atlas revealed stress response state
T cells (TSTR) with elevated HSPA1A expression, suggesting
these cells may contribute to immunotherapy resistance [3].
However, the temporal dynamics and functions of TSTR cells
remain unclear. Additionally, the ubiquitous expression of heat
shock proteins (HSPs) [3, 28, 29] complicates the study of T
cells associated with HSPs. Using DscSTAR, 32,528 CD8+ T cells
from NSCLC tumor environments with PD-1 therapy [30] were
analyzed to identify key groups related to HSPs. Cells expressing
HSPA1A were designated as the case group, with the remaining
cells serving as controls. Previously, CD8+ T cells were classified
into terminally exhausted (Tex), non-exhausted (Non-ex), and
proliferative (PROLIF) groups (Fig. 3a); here we focus on Tex cells
due to their potential as tumor-reactive T cells [30, 31].

Subsequent analysis using hypergeometric testing linked the
DscSTAR-clusters with the initial cell type, identifying five distinct
subclusters. These included three Tex-related subclusters—
Tex_C1, Tex_C2, and Tex_C3—along with a PROLIF cluster and a
Non-ex cluster (Fig. 3a). Tex_C1 was characterized by the highest
expression of exhaustion signatures, including PDCD1, CTLA4,
and HAVCR2. Apart from GZMB, other cytotoxic genes were
expressed at low levels (Fig. 3b). Interestingly, both Tex_C1 and
Tex_C3 exhibited high expression of HSPs like HSP90AA1 and
HSPA1A, but FKBP4 was uniquely highly expressed in Tex_C1
(Fig. 3b). A study of LUAD cancer cells revealed that FKBP4
integrates FKBP4/HSP90/IKK and FKBP4/HSP70/RelA complexes,
promoting cancer progression and associating with worse overall
survival [32]. However, co-expression of FKBP4 with HSP90 and
HSP70 family members in T cells has not been previously
reported. This leads us to the functional enrichment analysis,
which indicated that Tex-associated clusters exhibited downreg-
ulation of several immune function-related terms, suggesting
immune dysfunction (Fig. 3c, Supplementary Fig. S2). Similar
results could not be obtained from subgroups derived from the
raw data (Supplementary Fig. S3). Notably, unique functional
downregulation was uncovered by DscSTAR clusters, including
depletion in immune synapse formation and receptor-mediated
endocytosis in Tex_C1. This impairment parallels findings in
other studies, where disrupted immune synapse formation within
tumor microenvironments (TMEs) leads to reduced tumor cell
elimination [33, 34]. Furthermore, Gene sets downregulated in
these clusters were found to be significantly higher in ICB respon-
ders compared to non-responders in an independent NSCLC
ICB dataset [35] (Fig. 3d). Survival analysis incorporating marker
genes from Tex-related clusters demonstrated that patients with
higher expression levels of Tex_C1 and Tex_C2 marker genes had
significantly worse survival outcomes in the TCGA-LUAD dataset,
accessed via the GEPIA2 [10] (Fig. 3e, Supplementary Table S1).
Results for other clusters were not significant. Given the asso-
ciation of Tex_C1 with immune resistance and poor survival, as
well as high expression of HSPs, we termed Tex_C1 as HSP-related
Tex.

To capture the temporal changes in CD8+ T cell differentiation
within the DscSTAR clusters, we utilized the vector field-based
deep learning algorithm scTour [36], revealing a continuum of cell
differentiation. Naive (from the Non-ex cluster), positioned at the

earliest pseudotime, with PROLIF cells at the final stage. Tex_C1
and Tex_C2 were positioned at the terminal pseudotime before
proliferation, confirming they are in a terminal exhaustion state
(Fig. 3f).

Since differentiation trajectories did not reveal differences
between Tex_C1 and Tex_C2, we turned to TCR information,
a reliable molecular marker for tracking T cell lineage [3, 29],
thus enabling a better trace of the origins of the HSP-related Tex.
TCR clonotype overlap analysis showed that Tex_C1 and Tex_C2
shared only a few clonotypes (Fig. 3g), proving intrinsic differences
between them. To explore the origin and characteristics of
HSP-related Tex using TCR information, CD8+ T cells sharing
TCRs with Tex were selected, and unsupervised clustering was
applied to these cells (Fig. 3i and j). Besides the terminal and
PROLIF Tex cells, we also identified two Non-ex T cell states
that share TCRs with the terminal Tex subset. They were defined
as precursor exhausted T cells, namely Texp1 (GZMK+NR4A2-
T cells) and Texp2 (GZMK+NR4A2+ T cells), each characterized
by unique signature genes (Fig. 3h and i). Studies have shown
that lung cancer with ICB immunotherapy leads to an increase
in Texp populations, and the post-treatment high abundance of
Texp correlates with ICB response [30]. These Texps originate
from the expansion of pre-existing Texp rather than a reversal
from Tex.

Interestingly, the number of Texps sharing TCRs with HSP-
related Tex was lower than those not sharing TCRs with HSP-
related Tex, implying that HSP-related Texps do not undergo
notable proliferation or revival post-treatment (Fig. 3j and k).
Specifically, Texp1 proliferates less, and Texp2 expands but may
quickly transition to an exhausted state (Fig. 3j and k). We propose
that HSP-related Tex represents a distinct exhaustion state that
readily transitions to Tex and struggles to maintain their numbers,
which may contribute to immunotherapy resistance.

Therefore, cells sharing TCRs with HSP-related Tex were
labeled as HSP-related clones, while those not sharing TCRs
with HSP-related Tex were labeled as HSP-unrelated clones.
Subsequently, we compared the differences between HSP-related
and unrelated clones within these four subgroups. Activity scoring
was conducted for various gene signatures to identify the cellular
programs underlying their transcriptional differences (Fig. 3l).
Results showed that HSP-related clones scored higher for gene
sets associated with alpha-beta T cell activation, endoplasmic
reticulum stress responses, TNF signaling pathways, and MAPK
signaling pathways. Additionally, only in Texp1, HSP-related
Tex clones had higher apoptosis scores, suggesting that HSP-
related clones might be in a more severe chronic inflammatory
environment leading to Texp apoptosis and reduced numbers.
Interestingly, HSP-unrelated clones scored higher at all stages
for peptide biosynthesis processes, indicating enhanced protein
synthesis and processing activities, suggesting robust immune
functions in HSP-unrelated clones. These results highlight
the differences between HSP-related and unrelated clones,
warranting further exploration.

Finally, given that HSP-related Tex specifically overexpresses
HSP90 and FKBP4, we used these genes to annotate different
datasets for HSP-related Tex. First, correlation analysis in NSCLC
CD8+ T single-cell data and two independent NSCLC ICB bulk
datasets [35, 37] confirmed the positive association between
HSP90 and FKBP4 (Fig. 3m). Notable, further analysis of single-
cell data from ACT-treated SKCM [38] and ICB-treated BCC [39]
showed high expression of FKBP4 and HSP90 in CD8+ T cells of
some non-responders but not in responders (Supplementary Figs
S4 and S5).

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
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Figure 3. HSP-associated exhausted CD8+ T cell subpopulation related to immunotherapy (a) UMAP embeddings of 32 528 CD8+ T cells from lung tumors
treated with anti-PD-1, before and after treatment, Leiden clusters based on raw data (left), Leiden clusters refined by DscSTAR (right). Heatmap shows
the associations between clusters and cell types via hypergeometric testing. Stacked bar chart shows sample distribution across clusters. (b) Heatmap
showing marker gene expression across DscSTAR-defined clusters. (c) Dot plot of enriched Kyoto Encyclopedia of Genes and Genomes (KEGG) and
Gene Ontology (GO) terms for Tex-related clusters, with dot size representing −log10 adjusted P-value and color indicating odds ratio. (d) GSEA results
of immunological synapse formation and cellular Defense response in the NSCLC ICB dataset (GSE126044). (e) Kaplan–Meier survival curves assessing
clinical relevance of marker genes in DscSTAR-defined clusters (Tex_C1 and Tex_C2), analyzed using the log-rank test. (f) Trajectory estimated by scTour,
shows pseudotime trajectories (left) and DscSTAR-defined clusters. (g) Venn diagram illustrating clonotype overlap between Tex_C1 and Tex_C2. (h–j)
Identification of Tex and Tex-irrelevant cells using TCR information, including unsupervised clustering of selected cells. (h–j) Identification of Tex-
related and Tex-irrelevant cells using TCR information. (h) Tex-related cell extraction and re-clustering. (i) Density map of marker gene expression in
Tex-related clusters in the UMAP embedding. (j) UMAP embeddings comparing TCR-sharing cells, showing cells sharing TCR with Tex_C1 (left) and
other cells (right). (k) Sankey diagram illustrating the relationship between re-clustering subclusters and the TCR labels. (l) Violin and boxplots showing
differential single-cell signature scores between HSP-related and unrelated clones, analyzed by Wilcoxon rank-sum test with Bonferroni correction. (m)
Scatter plot of Pearson correlations between selected gene expressions, with significance assessed by the Pearson test.
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Deep scSTAR uncovered tumor-immune
interactions in RCC through enhancing spatial
transcriptomics
In ST, clustering spots reveal distinct functional niches defined by
specific cell types [40]. However, standard analysis using overall
spatial and expression data, often struggles with background
noise, complicating niche identification [41]. To enhance niche
analysis in ST, DscSTAR can minimize irrelevant noise and
enhance the detection of relevant biological signals. This ability
was demonstrated using a primary RCC ST dataset with 12
samples [42], annotated with tertiary lymphoid structures (TLS),
where tumor regions were mapped (Fig. 4a) using the “TESLA”
Python package [43].

DscSTAR was tested to improve signal detection for B cells,
CD8+ T cells, and monocytes. Using CD8+ T cells as an example,
we divided spots into case (expressing CD8A and CD8B) and
control groups and processed them with DscSTAR. Our evaluation
followed three steps: establishing a baseline using Robust Cell
Type Decomposition (RCTD) based on raw counts [44], which pre-
cisely identifies and quantifies cell types, adapting well to subtle
variations across various contexts [45, 46]. Then, assessing cell
abundance with the Microenvironment Cell Populations-counter
(MCP-counter) [47] on DscSTAR processed and unprocessed
normalized data, and finally comparing the correlation between
MCP-counter scores and the RCTD baseline. Results showed that
DscSTAR-enhanced data had a stronger correlation with the
baseline than unprocessed data, confirming its effectiveness
in signal enhancement (Figs 4b and c, Supplementary S6, and
Supplementary Table S2).

To demonstrate DscSTAR’s role in niche delineation and
analysis, we improved CD8+ T cell signals. Both DscSTAR-
treated and untreated samples revealed eight distinct niches
(Fig. 4d and Supplementary S7). The treated data showed a
marked difference in niche spatial distribution (Fig. 4d), under-
scoring DscSTAR’s influence on data interpretation. In the
processed samples, regions were annotated with specific cell
type markers (Fig. 4e), whereas in the untreated data, two
primary tumor regions were identified: Raw_cluster1 (R1) and
Raw_cluster2 (R2) (Fig. 4a and d). R2, with strong mesenchymal
stem cell (MSC) traits [48], was classified as an MSC-like tumor
region, while R1 was characterized as non-MSC-like (Fig. 4e).

Further analysis using DscSTAR highlighted dynamic T cell
features. Processed data showed a detailed subdivision including
peripheral parts of cluster C1, C5, and inner cluster C3. These
areas corresponded to untreated R1 and displayed a gradient
decrease in progenitor exhausted T cell signals with an increase
in Tex T cell signals inward (Fig. 4f). Additionally, changes in
TAM signals were noted, suggesting the formation of a T-cell-rich
area along the edges of the non-MSC-like tumor region, near TLS
(Fig. 4a). This pattern was not detected in the unprocessed data
(Fig. 4a and d).

DscSTAR uncovered interactions between MSC-like cancer
cells and T/TAM cells in ST data, specifically identifying regions
C2, C4, and C6 in the untreated R2 (MSC-like tumor region).
Marker gene analysis showed T/TAM cell signals predominantly
in C4, plasma cells in C2, and MSC-like cancer cells in C6
(Fig. 4g, Supplementary Table S3). CellChat [49] analysis revealed
significant communication between C4 (T/TAM) and C6 (MSC-like
cancer cell) primarily via FN1 and CD99 pathways (Fig. 4h and i,
Supplementary Fig. S7, and Supplementary Table S3), highlighting
complex cell interactions in RCC with prognostic implications—
unseen with raw data (Supplementary Fig. S7).

Independent RCC scRNA-seq data [50] corroborated these
findings, identifying two cancer cell types, TP1 and TP2, with
TP2 showing MSC traits and high FN1 and CD99 expression
(Supplementary Fig. S8, Fig. 4k). CellChat analysis showed TP2
cells had high FN1 and CD99 ligand activity, impacting progenitor
exhausted CD8+ T cells and M2-type TAMs via CD44 and PILRA,
respectively (Fig. 4j, Supplementary Fig. S9). Survival analysis
from TCGA for various RCC types indicated poor outcomes
associated with high FN1 and CD99 levels (Fig. 4l).

These results suggest that MSC-like cancer cells in RCC might
enhance immune suppression through FN1 interactions with
CD8+ T cells and influence TAM polarization via FN1 and CD99.
FN1’s link to poor prognosis and increased aggressiveness is
established in other cancers such as thyroid [51] and breast [52]
and correlates with M2-type macrophage infiltration in gastric
cancer [53]. This DscSTAR-based insight underscores FN1 and
CD99 as crucial biomarkers for immune infiltration and prognosis
in RCC.

Unveiling neutrophil-CAF interactions linked to
immunotherapy resistance in hepatocellular
carcinoma
DscSTAR was used on scRNA-seq and ST data from an HCC multi-
omics dataset [54] to analyze neutrophil characteristics and
spatial distribution in HCC. We began by isolating neutrophils
from the scRNA-seq data, categorizing tumors, and adjacent
normal tissues for DscSTAR processing. DscSTAR identified
subtypes such as S100A12+ (Neu_C1), VEGFA+ (Neu_C2), and
CXCR2+ (Neu_C4) (Fig. 5a and b) linked to poor prognosis in HCC
[55]. Hypergeometric tests correlated these DscSTAR clusters with
original data (Fig. 5c), revealing high Neu_C1 marker expression
associated with poorer survival in the The Cancer Genome Atlas -
Liver Hepatocellular Carcinoma (TCGA-LIHC) cohort (Fig. 5d,
Supplementary Table S4).

In an independent HCC ICB RNA-seq dataset [56], Gene
Set Variation Analysis (GSVA) showed higher levels of Neu_C1
in non-responders (Fig. 5e), implicating these neutrophils in
immunotherapy resistance. Furthermore, using the ESTIMATE R
package [57], we analyzed the TCGA-LIHC cohort’s StromalScores,
finding higher Neu_C1 levels in samples with elevated stromal
scores (Fig. 5f), indicating potential interactions between Neu_C1
and stromal cells within the TME.

Subsequently, DscSTAR was utilized to enhance Neu_C1 signals
in HCC ST data, examining the spatial distribution of Neu_C1.
Samples were divided based on the expression of neutrophil
markers FCGR3B and CSF3R for DscSTAR enhancing neutrophil
signals in spatial data (Supplementary Fig. S10). Enhanced data
revealed pronounced Neu_C1 signals at tumor margins in non-
responders, a pattern absent in responders (Fig. 5g and h). In non-
responders, clusters with high levels of SPP1+ macrophages/CAFs
showed elevated Neu_C1 and CAF scores, indicating active inter-
actions (Fig. 5i). Neu_C1 and CAF features correlated significantly
in non-responders (R = 0.9, P < 2.2 × 10−16) but not in responders
(P = .099, Fig. 5j), underscoring their potential role in immunother-
apy resistance. Clearly, analysis relying solely on raw data may
not elucidate the significance of Neu_C1 and its interactions with
CAFs (Supplementary Fig. S11).

Further analysis using NicheNet [58] explored Neu_C1 and
CAF interactions, revealing high ligand activity for S100A4, B2M,
and IL1B. These ligands bind to receptors on CAFs, driving
upregulation of extracellular matrix (ECM)-related genes like
COL1A1, COL4A1, and TIMP1 (Supplementary Fig. S12). Pathway

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
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Figure 4. Unveiling tumor-immune interactions in RCC through enhanced ST analysis. (a) Hematoxylin and eosin (H&E) stained RCC tumor tissues,
annotated using the “TESLA” Python package, annotations highlight tumor regions and TLS areas. (b) Feature plots showing improved visualization of
MCP-counter scores of DscSTAR-treated samples compared to untreated samples. (c) Box plots displaying improved correlation between MCP-counter
scores and RCTD baselines in DscSTAR-treated samples versus untreated samples; the tested cell types include CD8+ T cells, B cells, and monocytes,
with significance assessed using the two-sided Wilcoxon rank-sum test. (d) Clustering of ST spots showing cell type definitions in DscSTAR-processed
data compared to original R1/R2 regions. (e) Dot plots of marker gene expression in clusters, with dot size indicating cell proportion and color showing
expression level. (f) Violin plots of CD8+ T cell and TAM signature scores across spatial sections, with median indicated by dashed line. (g) Dot plot
showing marker gene expression across ST clusters in the untreated R2 region. Dot size represents the proportion of cells expressing the marker, and
color indicates expression level. (h) Interaction counts and weights between spatial clusters. (i) Expression comparison of FN1 (top) and CD99 (bottom)
pathways between spatial clusters. (j) Dot plot showing interactions between TP2 cancer cells and immune cells via FN1 and CD99 pathways, affecting
progenitor exhausted CD8+ T cells and M2-type TAMs. (k) Expression comparison of FN1 and CD99 in TP1 and TP2 cancer cell types from RCC scRNA-seq
data; significance was tested with a two-sided Wilcoxon rank-sum test. (l) Survival curves for various RCC types from TCGA datasets, analyzed using a
two-tailed log-rank test.
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Figure 5. Neutrophil-CAF interactions in hepatocellular carcinoma and their impact on immunotherapy resistance (a) and (b) unbiased clustering of
neutrophils in DscSTAR-processed (a) and original (b) data with dot plots. (c) Hypergeometric test associates DscSTAR-clusters with raw-clusters (P < .01).
(d) Kaplan–Meier curves correlate high expression of Neu_C1 markers with poorer survival in TCGA-LIHC by two-tailed log-rank test. (e) Box plot
comparing Neu_C1 levels in immunotherapy non-responders versus responders, significance tested with Welch’s t-test. (f) Box plot showing differences
in Neu_C1 levels between high and low StromalScore groups in TCGA-LIHC, tested with two-sided Wilcoxon rank-sum test. (g) and (h) Clustering of ST
spots in ICB-treated non-responders’ (g) and responders’ (h) tissues shows spatial distribution of Neu_C1, enriched at tumor margins in non-responders.
(i) Signature scores for Neu_C1 and CAF features across spatial clusters, median indicated by a dashed line. (j) Scatter plots of Neu_C1 and CAF feature
correlations in non-responder samples, highlighting significant associations absent in responders. (k) Enrichr pathway analysis reveals REACTOME
pathways in ECM organization activated by Neu_C1-CAF interactions.



10 | Gao et al.

Figure 6. Identification of LPC-responsive endothelial cell subpopulations using DscSTAR (a) UMAP embeddings of endothelial cells from PBS (control) and
LPC conditions. The top row represents clustering results from the standard workflow (Ori), while the bottom row represents DscSTAR-processed data.
Colors indicate Leiden cluster assignments. (b) Associations between Leiden clusters and experimental conditions, as well as Leiden clusters and time
points, evaluated using a hypergeometric test (P < .01). The top panel represents results from the standard workflow (Ori), while the bottom panel shows
results from DscSTAR-processed data. (c) Dot plot showing the mean expression levels of marker genes associated with endothelial subpopulations
affected in the early stages of demyelination. The top panel represents Leiden clusters from the standard workflow (Ori), while the bottom panel
represents clusters identified by DscSTAR.

enrichment analysis with Enrichr [59] confirmed the involvement
of these interactions in ECM organization (Fig. 5k). This suggests
that Neu_C1 and CAFs within the tumor immune barrier (TIB)
promote an immunosuppressive microenvironment, potentially
impacting resistance to immunotherapy.

Identification of LPC-responsive endothelial cell
subpopulations using DscSTAR
We then applied DscSTAR to single-nucleus RNA-seq profiles from
a time-resolved dataset of a mouse model of demyelination to
identify endothelial cell subpopulations associated with subtle
perturbations. In this experiment, case animals received a corpus
callosum injection of lysophosphatidylcholine (LPC), a compound
toxic to oligodendrocytes, while control animals were injected
with phosphate-Buffered Saline (PBS). Previous studies using in
situ hybridization experiments identified the 3-day post-injection
(3 dpi) time point in the LPC group as lesion-specific, characterized
by the highly specific expression of Lgals1 and S100a6. These
endothelial cells were identified as a key subpopulation respond-
ing to LPC-induced perturbation [16].

A standard dimensionality reduction workflow produced a uni-
form distribution of sample-level labels in the latent space, and
clustering did not reveal any perturbation-enriched subpopula-
tion (Fig. 6a and b). Subsequently, we applied DscSTAR to process
both case and control groups, resulting in the identification of
5 groups (Fig. 6a). Using a hypergeometric test, we identified a
subpopulation, Dsc_C0, that was strongly associated with the 3
dpi time point in the LPC group (Fig. 6b). Further analysis using
previously reported marker genes for endothelial cells respon-
sive to LPC perturbation confirmed that Dsc_C0 exhibited highly
specific expression of these markers, whereas clusters identified
by the standard workflow showed no specificity (Fig. 6c). This
demonstrates the ability of DscSTAR to identify key phenotype-
related subpopulations.

Ablation study on loss terms in deep scSTAR
The objective function of DscSTAR includes three loss terms:
reconstruction loss, classification loss, and orthogonal loss

(Materials and methods section). Ablation tests were performed
to evaluate the impact of each term, using simulated datasets
from 2C_1.2. Reconstruction loss, which is essential for the DAE
model, was retained in all tests.

First, we evaluated the classification loss, which enhances
phenotypic-associated factors in paired conditions. A comparison
of F1 score, ARI, and ASW with and without the classification loss
revealed significantly higher metrics in the default model with the
classification loss (Supplementary Fig. S13).

Next, we assessed the orthogonal loss, which ensures the
independence of the learned features and reduces distortions in
the decoder output. The default model incorporating orthogonal
loss exhibited higher ARI, with slight improvements in F1
and ASW. Further testing on RCC ST data [60] demonstrated
that orthogonal loss preserved and reinforced biological sig-
nals, while its absence resulted in distortions (Supplementary
Fig. S13).

Discussion
In this study, DscSTAR effectively dissected complex tumor
microenvironment interactions, advancing our understanding of
immune responses and ST. It identified key immune cell subsets
and interactions linked to therapy resistance in cancers such as
NSCLC, RCC, and HCC, highlighting its broad applicability and
potential to uncover therapeutic targets.

Despite its advancements, DscSTAR has certain limitations. Its
generalizability to complex or continuous phenotypes remains
a challenge, as our simplification strategy of categorizing con-
tinuous phenotypes into binary classifications (e.g., “high” or
“low”) may lead to the loss of nuanced information. However, this
transformation improves interpretability and facilitates the iden-
tification of key subpopulations. Our applications in HSP-related
T cells show that DscSTAR still effectively captures meaningful
biological signals despite this simplification. Furthermore, future
methodological developments may explore alternative classifica-
tion approaches to better accommodate complex or continuous
phenotype distributions.

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf160#supplementary-data
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Additionally, the method relies on high-quality phenotype
labels and assumes the presence of phenotype-associated critical
cell subpopulations, which may be subjective or incomplete
in real-world datasets. Unbalanced phenotype samples further
challenge the model’s ability to detect rare subtypes or maintain
performance under severe data imbalance. Lastly, the lack of
orthogonal experimental validation, such as functional assays or
proteomics, limits the biological confirmation of computational
findings. Addressing these limitations through algorithmic
refinements, validation experiments, and expansion to other
omics datasets remains a priority for future work.

Looking ahead, we are exploring algorithmic enhancements to
expand DscSTAR’s capabilities for handling more intricate and
continuous phenotypic analyzes. Furthermore, we aim to address
its dependency on phenotype quality by developing approaches
that can infer key features from less curated data. Finally, extend-
ing its applicability to other omics datasets, such as ATAC-seq and
proteomics, remains a priority for future work.

Materials and methods
Concept of deep scSTAR
The original scSTAR method used a PLS model to extract differen-
tial features between two conditions, represented by matrices X
and Y. The relationship between them was modeled as:

Y = X̂ + V (1)

V and X̂ are matrices with the same dimension as Y. X̂ is the
projection of Y in the control feature space. V represents the
state differentiation matrix from X̂ to Y. According to our previous
derivation [17] and based on the assumption that V and X are
unrelated, X̂ and X have identical distributions, V can be obtained
by V = Y − P

(
PTP

)−1PTY, and P can be obtained by:

P = argmax
CTC=1, PTP=1

Cov (XC, YP) (2)

In the scSTAR method, the solution of Equation (2) was achieved
by PLS, and C and P denote the PLS loading matrices of X and Y,
respectively. We modify equation (2) as:

argmax
CTC=1,PTP=1

Cov (XC, YP) = argmax
CTC=1,PTP=1

ρ (XC, YP) σ (XC)σ (YP) (3)

where ρ (XC, YP) is the Pearson correlation coefficient between
the transformed cell states XC and YP. σ(XC) and σ(YP) are the
standard deviations of XC and YP when we consider C and P
represent the first eigenvectors of X and Y, respectively.

The optimization of equation (3) helps in emphasizing the
features in X and Y that are most associated, thereby facilitating
a insightful analysis of the cell state differentiation. However,
PLS model has limited capability in dealing with complex and
nonlinear relationships between cells. Therefore, the performance
tends to compromise when processing over a few thousands of
cells.

In this study, we aim to use deep learning model to improve
the big data processing capability. New algorithm is named as
DscSTAR. In DscSTAR, a combination of multiple deep learning
models was designed to optimize the equation (3). First, to max-
imize standard deviation terms is equivalent to minimize the

reconstruction error:

min
CTC=1

∥∥∥X − X̂
∥∥∥

2 = min
CTC=1

∥∥X − XCCT
∥∥2 ⇐⇒ max

CTC=1
σ 2(XC) (4)

min
PTP=1

∥∥∥Y − Ŷ
∥∥∥

2 = min
PTP=1

∥∥Y − YPPT
∥∥2 ⇐⇒ max

PTP=1
σ 2(YP) (5)

In the realm of deep learning, the autoencoder (AE) stands out as
notable tools. A DAE is specifically designed to learn a compressed
representation of the input data through an encoder-decoder
structure, with the added capability to reduce noise. It captures
the main variation directions in the data by minimizing the mean
squared error (MSE) between the input and output, which can be
used to optimize Equations (4) and (5) taken X and Y as inputs and
the reconstructed data X̂ and Ŷ as outputs. Here, X̂ and Ŷ denote
the data reconstructed by the AE encoder and decoder networks.

Although Maximum Mean Discrepancy is a popular way to
maximize the correlation coefficient in Equation (3), recogniz-
ing the necessity to capture phenotype-associated features more
directly, we opted for a more targeted approach using a classifica-
tion model, specifically MLP. This choice allows for a more precise
differentiation of phenotype-associated components in the data,
making the DscSTAR framework a robust tool for analyzing com-
plex linear and nonlinear relationships between cell states across
different conditions.

Deep learning model construction using DAE and MLP
DscSTAR uses a DAE for data encoding and a MLP for phenotype
prediction. DAE is employed to learn a low-dimensional represen-
tation from the single cell expression matrix Xs. It consists of an
encoder Es that maps the input to a lower-dimensional space Zs,
and a decoder Ds that reconstructs the input from this reduced
representation. In this study, the encoder has layers with 5120,
1024, and 512 neurons, while the decoder has layers with 512,
1024, and 5120 neurons, producing the input feature count. The
ELU activation function is used, with dropout rates of 0.2 and 0.1
for the encoder, and 0.05 and 0.0 for the decoder. The model can
be trained as:

Zs = Es
(
B

(
Xs, pb

)) (6)

Xs
′ = Ds (Zs) (7)

min lossrecon (Es, Ds, Xs) = minMSE
(
Xs, Xs

′)

= min
1
N

N∑
i=1

‖ Xsi − Xsi
′ ‖2 (8)

where B is a noise adder that introduces random binomial noise to
the single-cell expression matrix Xs, creating a noised expression
matrix B

(
Xs, pb

)
. The parameter pb dictates the probability of

having zeros in each row of the noise matrix. The input matrix
Xs has dimensions corresponding to the number of genes by the
number of cells. The encoder maps this noised input to a 512-
dimensional feature vector Zs, and the decoder reconstructs the
expression matrix Xs

′ from Zs, maintaining the same dimensions
as the original input matrix Xs. Simultaneously, a classifier (Cs)
based on a MLP is applied to predict phenotype labels of each
cell. The MLP takes the latent representation Zs as input, which
encoded by the DAE’s encoder, and outputs the predicted pheno-
type labels Y′

s. The MLP consists of a single linear layer with an
input dimension of 512 (corresponding to the output of the DAE)
and an output dimension of 2 (representing the two phenotype
classes). The phenotype labels have been normalized to fall within
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the range of −1 to 1. Parameters inside the MLP are optimized
using the MSE loss between the predictive phenotype score Y′

s and
the true phenotype labels Ys, accommodating the adjusted label
range.

minlossclass (Cs, Zs) = minMSE
(
Ys, Y′

s

)

= min
1
N

N∑
i=1

‖ Ysi − Ysi
′ ‖2 (9)

Y′
s = Cs (Zs) (10)

This loss function ensures that the MLP model learns to approx-
imate the true labels as closely as possible by minimizing the
squared error between predicted and actual labels.

Joint training and loss optimization
The MTL can be trained by minimizing the equation (11):

lossMTL = γ1· lossrecon (Es, Ds, Xs, B)

+ γ2· lossclass (Cs, Zs, Ys) + γ3· lossorth (Zs) (11)

lossorth (Zs) =‖ G − I‖2
F =

N∑
i=1

N∑
j=1

(
Gij − Iij

)2 (12)

G = ZsZs
T (13)

Here matrix G with elements gij representing the inner product
between the ith and jth cells in the latent representation. I indicates
an identity matrix. The orthogonality regularization loss lossorth

is obtained by squaring the Frobenius norm of the difference
between the Gram matrix and the identity matrix, denoted as
‖ G − I‖2

F. Here ‖· ‖F represents the Frobenius norm, and Iij are
the elements of the identity matrix. In this formulation, G −
I represents the difference between the Gram matrix and the
identity matrix. The goal of the orthogonality regularization loss
is to minimize the Frobenius norm of G − I. The model is trained
for 400 epochs (Default) with a learning rate that follows a step
decay schedule, beginning at 1e−3. Separate optimizers are used
for the DAE and the classifier to accommodate their respective
parameters.

Deep scSTAR workflow design
In realistic settings, variation V encompasses both relevant signals
and noise [61]. V in each cell is a linear combination of distinct
components, as described in [16]:

V = Vbatch + Vr+b
noise + Vsignal (14)

where Vbatch signifies the batch effect. Vr+b
noise is a composite of

both random noise, which includes technical aspects r, and bio-
logical noise b, denoting the disturbances that do not pertain to
the differentiation between the two conditions under compar-
ison. Vsignal denotes the variations in gene expression that are
observed between the conditions being investigated, represent-
ing the phenotype-related features. The work-flow of DscSTAR
includes the following three parts:

Step1. Identifying unchanged cells across phenotypes. We used
scCURE [19] to identify unchanged cells, defined as cells with
identical biological characteristics across conditions, differing
only due to batch effects and noise. This step involves: (i) The
utilization of GMM aids in the precise identification and cate-
gorization of different cell clusters, unveiling the heterogeneity
within cells. (ii) Calculating the KL divergence between two GMM
(each from a phenotype) to identify the unchanged cell [19].

Step2. Training a PLS-DA model on unchanged cells to mitigate batch
effect and random noise. Training a PLS-DA model on unchanged
cells to remove batch effect and noise. The PLS-DA model is used
to extract batch effects and noise from unchanged cells. The
model minimizes errors with:

Vbatch + Vr
noise = XpPLSp−1

PLS (15)

V′ = X − Vbatch + Vr
noise (16)

where Y represents the observed data vector for a cell. The PLS
loading matrix for X, denoted as p, comprises m PLS compo-
nents. This procedure is the same as what is presented in the
original scSTAR algorithm. The only difference lies in that the
“anchor cells” in the original scSTAR are replaced by “unchanged
cells” here.

Step3. Supervised MTL model reconstruct the noise reduced data to
extract phenotype associated info matrix. A MTL model is formulated
by incorporating cells from both groups. Given that the noise
term, Vb

noise in Equation (13), does not contribute to distinguishing
between the two conditions (or phenotypes) under comparison,
MTL is specifically designed to isolate the Vsignal variation. The
signal component is discerned from V as follows:

V̂signal = DMTL
(
EMTL

(
V′)) (17)

In this equation, V̂signal represents the estimated cell dynamic
features. EMTL is the encoder of MTL and DMTL is the Decoder of
MTL. Consequently, all variation components not pertinent to the
signal of interest are filtered out from V̂signal..

Evaluation metrics
Three metrics were used to assess DscSTAR on simulated
datasets:

Adjusted rand index
Measures similarity between clustering assignments, ranging
from −1 to 1. A score of 1 indicates perfect agreement, 0 represents
random assignment, and negative values show disagreement. The
ARI formula is:

ARI =

∑
⎛
⎝ nij

2
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(18)

Average silhouette widthAssesses clustering quality, measuring
how similar an object is to its own cluster versus other clusters.
ASW ranges from −1 to 1. The overall ASW for a dataset is the
average of the silhouette width of all samples. A value close to 1
indicates good clustering, and values near −1 suggest misclassi-
fication:

ASW = 1
N

N∑
i=1

s(i) (19)

F1 score (for DE gene evaluation)
Evaluates the accuracy of identifying DE genes, balancing Preci-
sion and Recall. The F1 score ranges from 0 to 1, with 1 represent-
ing perfect identification. The formula is:

F1 = 2 × Precision × Recall
Precision + Recall

(20)
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where:

Precision = TP
TP+FP

Recall = TP
TP+FN

. (21)

scRNA-seq data integration, quality control
Cell clusters were identified using cell marker gene expression.
Normalization of the data was performed via Seurat by adjusting
UMI counts and log-transforming the normalized data. Integra-
tion of NSCLC datasets employed Scanpy’s BBKNN method. For
other datasets, batch integration was conducted using the Har-
mony R package.

Unsupervised cell clustering and subclustering
analysis of scRNA-seq datasets
After HVG filtering (excluding mitochondrial, ribosomal, and T
cell receptor genes), clustering and subclustering were performed
using FindNeighbors and FindClusters to create a shared nearest
neighbor graph, followed by UMAP for visualization. Optimal
clusters were evaluated by UMAP and cluster markers. Gene
signature scores for each cluster were calculated using Seurat’s
AddModuleScore and GSVA R package.

Single-cell trajectory inference
We used scTour to infer the differentiation state of CD8+ T cells.

Mapping the spatial locations of tumor region
To map RCC tumor regions in histological images, we used the
TESLA Python package (version 1.2.2). The cv2_detect_contour
function outlined tissue boundaries, and gene expression was
enhanced at the super-pixel level using imputation (s = 1, k = 2,
num_nbs = 10). RCC markers (CA9, SLC17A3, NDUFA4L2, BUB1B,
TOP2A, and ELF3) annotated tumor sites, which were visualized on
histological images. This process yielded 12 annotated ST image
slices, including TLS regions from the original study.

Single cell types mapping to spatial data
For the scRNA-seq dataset from ST, cell types with fewer than
25 cells were excluded for RCTD analysis. Using the spacexr R
package (version 2.2.0), RCTD was performed on retained cell
types and Visium ST data, with doublet mode activated. The 25-
cell minimum ensures reliable deconvolution, and CD8+ T cell
scores were normalized and aggregated to calculate the pan-
CD8+ T cell score in the tumor microenvironment.

Spatial co-location analysis
Spatial co-location analysis was performed for each tumor by cor-
relating gene or signature expression with Pearson’s test. Expres-
sion levels were classified as “high” or “low” based on the median.
Significant correlations and “high-high” spots indicated spatial
co-location.

Receptor-ligand interaction and ligand-target
inference
For the RCC dataset, receptor-ligand interactions were predicted
using CellChat. In HCC, NicheNet was used to examine receptor-
ligand impacts on gene expression with default parameters.

Statistics and reproducibility
Statistical analyzes for NSCLC datasets were performed in Python
(version 3.10.12). Differential expression between cell groups was
assessed using a two-sided Wilcoxon rank-sum test with Ben-
jamini–Hochberg FDR correction. For other analyzes, R (version

4.2.2) was used. Differential expression between cell groups and
comparisons of signature scores were performed with a two-sided
Wilcoxon rank-sum test and Bonferroni FDR correction. Survival
analysis for bulk RNA-Seq samples stratified by signature score
used a log-rank test. Details of statistical tests are provided in
Figure legends and Methods.

Key points

• Extracting meaningful phenotype-related features from
single-cell RNA sequencing data is challenging due to
the presence of noise and biologically irrelevant signals.

• Deep scSTAR utilizes deep learning to enhance key
phenotype-associated cellular traits from single-cell
data affected by noise and irrelevant biological signals.

• Detailed cell heterogeneities and phenotype-associated
cell subtypes were revealed in various datasets, advanc-
ing the investigation of targeted biological questions.
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