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ABSTRA Survival analysis is fundamental to cancer research. Advances in technology have

enabled an increasing number of cohort-level cancer studies to incorporate single-
cell sequencing alongside clinical survival data. However, no effective strategy currently exists for
directly modeling survival outcomes from single-cell data. To address this gap, we present scSurvival,
an attention-based multiple-instance Cox regression framework that models each tumor sample as an
ensemble of cells to predict survival outcomes at both the patient and single-cell levels. To handle high
dimensionality, sparsity, and batch effects, scSurvival integrates a variational autoencoder-based
feature extraction module with generative modeling to enhance feature robustness and cross-batch
generalizability. Comprehensive simulations demonstrate scSurvival's superior performance and
scalability. In melanoma and liver cancer single-cell RNA sequencing (scRNA-seq) cohorts, scSurvival
accurately predicts patient outcomes and identifies the cell subpopulations most critical to survival.
Overall, scSurvival enables robust prediction of patient survival while uncovering survival-associated
cell subpopulations, advancing single-cell survival analysis in cancer research.

SIGNIFICANCE: Survival analysis is central to clinical oncology, yet no effective tools currently model
survival outcomes directly from single-cell data. scSurvival bridges this gap by predicting patient out-
comes and identifying key subpopulations from scRNA-seq with survival information, enabling scalable

analyses and promoting broader adoption of cohort-level single-cell profiling in cancer research.

INTRODUCTION

Survival analysis has long been a cornerstone of cancer
research for investigating time-to-event outcomes such as
overall survival (OS) and progression-free survival (PFS). Bulk
RNA sequencing (RNA-seq) studies have demonstrated the
versatility of survival analysis by modeling gene expression as
covariates, constructing multigene risk scores, and stratifying
patients into molecular subgroups for prognostic evaluation
and assessment of therapeutic efficacy (1-4). Meanwhile, single-
cell RNA-seq (scRNA-seq) provides unprecedented resolution
for characterizing the cellular heterogeneity of the tumor
microenvironment (TME; refs. 5-8). Leveraging this capa-
bility, recent advancements and the widespread adoption
of scRNA-seq have led to a growing number of cohort-level
cancer studies that profile single-cell transcriptomes from
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hundreds of patients alongside clinical survival data, offering
new opportunities to elucidate how cellular heterogeneity
influences disease progression and patient outcomes. Because
individual cells can influence patient outcomes differently,
identifying survival-associated subpopulations is crucial for
improving risk assessment and developing more precise and
targeted therapies beyond bulk-level analyses.

In early studies, because of the limited sample size of
scRNA-seq data in cancer studies, the predominant strategy
for identifying risk-associated cell populations has involved
transferring survival information from existing bulk RNA-
seq datasets to single-cell data by integrating single-cell and
bulk data, such as Scissor (9), scSurv (10), and DEGAS (11).
Although these approaches have enabled the identification of
cell populations associated with survival outcomes, they all rely
on bulk transcriptomics and its associated survival outcomes
as a bridge without employing the true survival information
of the single-cell data.

As cohort-level cancer studies increasingly generate scRNA-
seq datasets from hundreds of patients with matched survival
information, two simple strategies can be adopted to adapt
traditional Cox regression frameworks to single-cell data:
(i) aggregating cell-level gene expression into pseudobulk pro-
files for each patient and (ii) annotating major cell types and
using their proportions as patient-level covariates. Although
both approaches allow the use of standard survival models,
they suffer from major information loss. The pseudobulk
strategy treats all cells equally and obscures the contributions
of rare but prognostically important subpopulations. In con-
trast, the cell type proportion strategy assumes homogeneity
within annotated cell types and ignores intratype functional
diversity. These methods offer a coarse approximation but
fall short of realizing the full potential of single-cell data in
capturing fine-grained risk structures. To our knowledge,
directly performing survival prediction at single-cell resolution,
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while preserving intrapatient heterogeneity and relying solely
on single-cell cohort data, remains an unmet challenge, and
no dedicated computational tools have yet been developed to
address this need.

Constructing risk prediction models such as the Cox pro-
portional hazards model directly from single-cell cohort data
also fundamentally differs from conventional bulk data-based
Cox regression. In traditional bulk settings, each patient’s
covariate values form a single feature vector that can be directly
used for model construction. In contrast, single-cell expres-
sion data are structured as a cell-by-gene matrix rather than
a simple per-patient vector, with individual cells contributing
differently to patient outcomes. Therefore, there is a clear need
for a framework that can simultaneously predict patient sur-
vival outcomes and identify the most informative cell subpop-
ulations. Attention-based multiple-instance learning (12-14)
offers a compelling solution for this task. In this framework,
each tumor sample is treated as a collection of multiple
instances (i.e., cells). The model learns to predict patient-level
labels while simultaneously assigning weights to individual
instances, thereby highlighting the cell subpopulations most
critical to the survival outcomes.

In this study, we conceptualize each tumor sample as an
ensemble of cellular instances and thus develop a new tool,
scSurvival, specifically designed to address heterogeneous cell
subpopulations in survival analysis of single-cell cancer cohort
data. To tackle the high dimensionality, sparsity, noise, and
severe batch effects inherent in single-cell datasets, we design
a feature extraction module based on variational autoen-
coders (VAE; arXiv 1312.6114) and generative modeling (15,
16). Coupled with attention-based multiple-instance Cox
regression (AMICR), scSurvival enables survival modeling of
patient cohorts spanning multiple experimental batches.
scSurvival not only integrates single-cell expression data with
optional clinical covariates to construct accurate risk predic-
tion models but also identifies outcome-associated cell sub-
populations and characterizes their risk tendencies, thereby
facilitating more refined downstream biological and clinical
analyses.

RESULTS
Overview of scSurvival

We developed scSurvival, a single-cell survival outcome
prediction tool based on attention-based multiple-instance
learning, which accounts for the varying contributions of
individual cells to survival outcomes. It is designed to construct
survival prediction models from single-cell cancer cohort data
while simultaneously identifying cell subpopulations that
are strongly associated with patient risk. The core principle
involves compressing each patient’s high-dimensional single-
cell data into low-dimensional features, aggregating these
features into patient-level representations through attention
weights, and subsequently building a survival model at the
patient level using Cox regression analysis. The attention
mechanism preserves cellular heterogeneity within each patient,
allowing subpopulations with higher attention scores to be
more closely linked to survival probability. By aligning cell-
level features with aggregated patient-level representations,

the survival prediction model can directly infer the risk
tendencies of specific cell subpopulations, thereby enabling
the identification of risk-associated cells.

Specifically, the main inputs to scSurvival include single-cell
expression matrices measured for each patient (Fig. 1A and B)
and patient survival information, i.e., survival event status
and event time (Fig. 1C). Conceptually, scSurvival comprises
two key modules: a cell feature extraction module (Fig. 1D)
and an AMICR module (Fig. 1E). The feature extraction mod-
ule is a VAE-based generative model that captures technical
dropout using a zero-inflated Gaussian (ZIG) distribution
(17, 18) and models the log-normalized expression matrix.
LayerNorm [LN; (19)] and squeeze-and-excitation (SE; ref. 20)
modules are integrated into this architecture to enable adap-
tive standardization and reweighting of gene features. In
addition, the feature extraction module supports batch label
inputs to extract cross-batch single-cell features (Fig. 1D). The
AMICR module aggregates cell-level features into patient-level
representations using a multi-head attention mechanism and
inputs the aggregated features into a risk scorer to perform
hazard scoring and Cox regression analysis (Fig. 1E), in which
the structures of the cell-level attention mechanism, gene-
reweighting SE module, and risk scorer are shown in Fig. 1F.
Furthermore, patient-level clinical covariates (21) can be
incorporated into the risk scorer for joint analysis (Fig. 1G),
enabling appropriate control of confounding influences and
thereby improving the accuracy of survival prediction models
and the identification of risk-associated cell subpopulations.

The final loss function of the model comprises three com-
ponents: the negative log-likelihood of Cox regression, the
reconstruction likelihood of the ZIG-VAE, and an entropy
regularization term (22) to control the sparsity of the cell-level
attention weights. Training is performed in two stages: pretrain-
ing and fine-tuning (Fig. 1H). In the pretraining stage, only the
VAE module is trained to extract stable cell features. During
the fine-tuning stage, all three loss components are jointly
optimized to facilitate multiple-instance Cox regression, pro-
ducing optimized cell representations and attention weights
that are adaptively aligned with survival outcomes (“Methods”).

The resulting outputs of scSurvival are the attention-adjusted
hazard score for each cell (hazard_adj; see “Methods”, Fig. 11),
along with patient-level risk scores. This represents a funda-
mental distinction from traditional survival analysis methods:
scSurvival not only provides risk stratification at the patient
level but also infers intrapatient cellular risk heterogeneity. Given
the hazard scores of individual cells estimated by scSurvival, we
can then perform downstream analyses of heterogeneous cell
states within each cell type using other tools, such as identify-
ing signature genes and altered pathway activities by comparing
higher- and lower-hazard subpopulations (Fig. 1J). Further-
more, scSurvival functions as a survival prediction model based
on single-cell expression data, enabling risk assessment for new
patients (Fig. 1K).

Benchmarking scSurvival for Hazard Score
Prediction at Single-Cell Resolution

To systematically evaluate the effectiveness of scSurvival,
we generated a series of simulated datasets and assessed its
performance in controlled experiments. We first used Splatter
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Figure 1. Framework of scSurvival. A, Generation of single-cell cohort data: each patient undergoes scRNA-seq profiling, with corresponding clinical
follow-up records. B, Single-cell transcriptomic expression matrix for each patient. C, Survival information for each patient, including event status and
event time. D-H, Model architecture of scSurvival. D, A single-cell feature extraction module based on a ZIG-VAE, which takes log-normalized expression
matrices as input and extracts batch-integrated single-cell features. LN and SE blocks are incorporated to adaptively normalize gene feature scales.
E, A multi-head AMICR module that aggregates single-cell features to the patient level and computes relative hazard scores. F, The detailed architectures
of the attention layer, the SE block in the VAE encoder, and the hazard scorer. G, The hazard scorer supports the optional inclusion of additional covariates
(e.g. gender and age) if available. H, The overall loss function of scSurvival and the two-stage training strategy: the first stage involves pretraining only
the VAE module to extract stable features and the second stage jointly optimizes the entire model to perform multiple-instance Cox regression and risk
cell selection. I, Cell hazard scores estimated by scSurvival after adjustment using attention weights. J, Differential expression and pathway enrichment
analyses of higher-hazard vs. lower-hazard cells identified by scSurvival. K, scSurvival can predict hazard scores for new patients in independent datasets
to stratify patients into high- and low-risk groups.

(23) to simulate a single-cell dataset comprising three groups sampled single-cell expression data for 100 patients by varying
(good.survival, bad.survival, and other) as the ground truth the proportions of good.survival and bad.survival cells and
(Fig. 2A). Using these cells as risk-driving populations, we simulated the corresponding survival times based on these
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Figure 2. Performance evaluation of scSurvival on simulated datasets. A, UMAP showing simulated scRNA-seq data with survival-driving cell subpop-
ulations as the ground truth, including three groups: good.survival, bad.survival, and other background cells. B, UMAP plots of simulated scRNA-seq data
from patients with varying survival times and differing proportions of cell subpopulations. Patients with longer survival times had higher proportions

of good.survival cells and lower proportions of bad.survival cells. C, UMAP showing cell hazard scores estimated by scSurvival. D, Confusion matrix and
performance evaluation for ground-truth cell subpopulation identification based on adjusted hazard scores predicted by scSurvival. E, Fivefold CV for
patient-level survival prediction: merged relative risk percentiles across folds were used to evaluate risk stratification, with significance assessed by
log-rank tests; the mean C-index and its SD across folds were also reported. F, Overview of six simulation scenarios designed to evaluate the performance and
robustness of scSurvival under different conditions. G, UMAP or survival annotation illustrations for each simulation setting (Sim.1-Sim.6), highlighting
the distinct designs and features used to introduce biological or technical variability. H, UMAP showing cell-level hazard scores (hazard adj) estimated by
scSurvival in Sim.6 (risk subcluster heterogeneity), in which true risk cells only form a small subcluster within a larger cluster. I, Confusion matrix showing
the identification performance of scSurvival in Sim.6. J, Comparison of F1-score (mean of 10 repeats) for ground-truth risk cell identification across
different simulation scenarios and feature extraction strategies, including scSurvival with the default VAE and alternative representations based on PCA,
HVG2000, and NMF. Sim.0 refers to the baseline simulation setting shown in A and B, used as the basic scenario without added complexity. K, Comparison

of patient-level survival prediction performance (mean C-index from five-fold CV) between scSurvival and two baseline models: Cell type Coxph and
pseudobulk Coxph across all simulation settings. Sim.0 refers to the baseline setting illustrated in A and B. KM, Kaplan-Meier.
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proportions, with random censoring applied to a subset of
patients to mimic event truncation (Fig. 2B; “Methods”). We
referred to this basic simulation as Sim.0. The cell attention
scores and hazard scores inferred by scSurvival (Supplemen-
tary Fig. S1A; Fig. 2C) accurately delineated the ground-truth
risk-driving cell subpopulations. In one experiment, cell
grouping based on attention and hazard scores (Supplemen-
tary Fig. S1B; “Methods”) identified 99% of the ground-truth
driver cells, with an overall accuracy of 98.7% and an F1-score
0f 0.989 (Fig. 2D). With regard to patient-level risk prediction,
fivefold cross-validation (CV) showed that the hazard scores
predicted by scSurvival significantly stratified patient survival
outcomes (log-rank test, P value < 0.0001), achieving a mean
concordance index (C-index) of 0.942 (SD, 0.021) across folds
(Fig. 2E; Supplementary Fig. S1C).

To assess whether scSurvival can accurately handle batch
effects, we used Splatter to simulate ground-truth single-cell
datasets from two distinct batches (Supplementary Fig. S1D;
“Methods”). scSurvival successfully produced cell-level risk
assessments consistent with the ground truth (Supplemen-
tary Fig. S1E), demonstrating the capability of its embedded
feature extraction module to correct batch effects (Fig. 1D).
Uniform Manifold Approximation and Projection (UMAP)
visualization based on the latent embeddings learned by
scSurvival confirmed effective batch effect removal and accu-
rate estimation of risk tendencies (Supplementary Fig. S1F
and S1G). In this batch effect simulation example, scSurvival
achieved an accuracy of 97.9%, a recall of 98.2%, and an
F1-score of 0.980 for ground-truth risk-driving cell iden-
tification (Supplementary Fig. S1H). Repeated evaluations
across 20 runs further confirmed the model’s robustness in
both batch-free and batch-affected settings, with high average
Fl-scores (0.964 vs. 0.923; Supplementary Fig. S1I).

The performance of a survival prediction model is always
affected by the sample size (cohort size) and the strength of
association between covariates and survival time (risk effect
size). To evaluate this, we simulated datasets with varying
cohort sizes and risk effect sizes (“Methods”). The results
showed that when the cohort size reached 10 patients and the
effect size was moderate or stronger, the model consistently
identified the risk-driving cell subpopulations, with F1-scores
significantly higher than those observed under weaker effect
sizes or smaller sample sizes (Supplementary Fig. S1J). In
addition, when the cohort size was small, increasing the
number of cells per patient also improved identification per-
formance (Supplementary Fig. S1K).

Building upon Sim.0, we further designed six more complex
simulation scenarios (Sim.1-Sim.6, Fig. 2F), systematically
introducing various biological and technical confounding
factors at different levels of perturbation to evaluate the
robustness and performance of scSurvival across diverse data
conditions (Fig. 2F and G; “Methods”). The six scenarios
included variation in the percentage of risk cells (Sim.1),
interbatch imbalance in risk cell distribution (Sim.2), differ-
ences in patient outcome distributions (varying effect size
and censoring rate, Sim.3), cell composition heterogeneity
(Sim.4), patient group heterogeneity in which subgroups
respond differently to risk effects (Sim.5), and subcluster-level
risk in which the risk-driving cells are embedded within larger
cell clusters (Sim.6). Across most settings, scSurvival consistently

identified the true risk-driving cell subpopulations, with aver-
age Fl1-scores typically above 0.8 (Supplementary Fig. S2A-S2F).
In certain challenging scenarios, such as when the risk cell
proportion was as low as 1% (Sim.1), performance declined
but rapidly recovered as signal strength increased, demon-
strating strong trend stability and generalizability. Notably,
in the most challenging setting (Sim.6), in which the true risk
cells were nested within a large cluster and lacked clear bound-
aries, scSurvival still accurately recovered the target population
(Supplementary Fig. S2F; Fig. 2H), achieving a precision of
90%, recall of 96.6%, and F1-score of 0.931 in a representative
example (Fig. 2I), highlighting its ability to perform fine-
grained analysis without relying on predefined clustering. In
patient-level survival prediction tasks, scSurvival also main-
tained consistent and stable performance across all simulation
conditions (Supplementary Fig. S2G-S2L), with C-index
values remaining high across fivefold CV (mostly >0.8).
Finally, we constructed benchmark comparisons on repre-
sentative examples from each simulation setting (“Methods”)
to systematically evaluate both the feature extraction module
and the overall algorithmic performance of scSurvival. For
feature representation, we compared our VAE-based joint
learning framework with three alternative strategies: princi-
pal component analysis (PCA), highly variable gene selection
(HVG2000), and nonnegative matrix factorization (NMF). Joint
learning of VAE consistently achieved the highest F1l-scores
across all simulation scenarios (Fig. 2J), highlighting its advan-
tage in capturing complex expression structures and risk
signals. At the algorithmic level, we further compared scSurvival
with two commonly used baseline approaches: Cox regres-
sion based on pseudo-bulk expression profiles (pseudobulk
Coxph) and Cox regression based on cell type proportions
(cell type Coxph). Because both baseline methods lack cell-
level resolution, comparisons were restricted to patient-level
survival prediction. Across most scenarios, scSurvival out-
performed the baselines, achieving higher C-index values in
fivefold CV (Fig. 2K). Together, these comprehensive simula-
tion results demonstrate that scSurvival offers superior capa-
bilities in both risk subpopulation identification and survival
prediction, while fully preserving single-cell resolution.

scSurvival Is Fast and Scalable

Cohort-level cancer studies often involve sequencing large
numbers of patients, generating datasets with millions of
cells. Performing survival analysis at this scale poses significant
computational challenges for algorithm design. Benefiting
from the supervised learning architecture of scSurvival, we can
fully leverage the computational power of high-performance
graphics processing units to process datasets of this magni-
tude. To evaluate its computational performance, we simulated
a series of datasets and measured runtime, memory usage, and
GPU memory consumption. In these tests, early stopping was
disabled, and the fine-tuning phase of each run was set to com-
plete all 500 maximum epochs (“Methods”), suggesting that in
practical applications, scSurvival could handle similarly sized
datasets in even shorter times.

We simulated two scenarios to evaluate the scalability of
scSurvival, keeping the number of genes fixed at 2,000 in
all cases, consistent with the top 2,000 most variable gene

936 | CANCER DISCOVERY MAY 2026

AACRlJournals.org


http://AACRJournals.org

Single-Cell Survival Analysis

(MVG2000) feature selection strategy commonly used in real
analyses. First, we fixed the cohort size at 100 patients and
gradually increased the total number of cells from 5,000 to
1 million, distributing cells evenly across patients (Fig. 3A).
The runtime and memory usage of scSurvival exhibited linear
growth relative to the number of cells (x-axis in log scale),
completing the analysis of 1 million cells in approximately
17.5 minutes, with around 30 GB of memory and 50 GB of
GPU memory usage. We also compared cases with and without
batch effect adjustment, treating each patient as a distinct
batch. The results showed that batch correction did not intro-
duce significant additional computational burden. Next, we
fixed the total number of cells at 100,000 and simulated
cohort sizes ranging from 10 to 500 patients (Fig. 3B). Runtime
again exhibited linear scaling with respect to the number of
patients (x-axis in log scale), whereas memory usage remained
nearly constant. GPU memory usage increased slightly when
batch correction was included but remained stable without
it. In the largest simulated cohort of 500 patients, scSurvival
completed the analysis in approximately 33 minutes, with a
peak memory usage of about 3 GB and a peak GPU memory
usage of about 6 GB.

All tests were performed on an Arm64 CPU and H100 GPU
with 96 GB VRAM. As different hardware configurations can
lead to substantial performance variations, we also bench-
marked scSurvival on the A100 platform. The computational
cost remained within an acceptable range, approximately 2.5
hours for 1 million cells across 100 patients and about 1.85
hours for 100,000 cells across 500 patients (Supplementary
Fig. S3A and S3B). These results demonstrate the scalability
of scSurvival for processing ultra-large single-cell datasets.

scSurvival Identifies Risk-Associated Cell
Subpopulations in a Melanoma Cohort

For real-world evaluation, we first applied scSurvival to a
melanoma cohort dataset (24) treated with immunotherapy,
comprising 48 samples from 32 patients (Supplementary
Fig. S4A; Supplementary Table S1) with a total of 16,291 im-
mune cells annotated according to the original study (Fig. 4A;
ref. 24). The key cell populations, together with their attention
scores and hazard scores inferred by scSurvival, are shown in
Fig. 4B and Supplementary Fig. S4B and S4C. Among them,
B cells and plasma cells generally exhibited lower hazard scores
(Fig. 4C), a finding potentially linked to the formation of
tertiary lymphoid structures (TLS; refs. 26, 27). This associa-
tion was further supported by spatial transcriptomics valida-
tion, in which lower-hazard regions identified by the trained
scSurvival model corresponded to TLS locations on two spatial
slices (Supplementary Fig. SSA and SSB; ref. 28). By contrast,
monocytes and macrophages were largely retained and showed
higher overall hazard scores, but after further subgrouping of
these cells (“Methods”), a bimodal pattern of hazard scores
was observed, characterized by a clear polarization into higher-
hazard and lower-hazard cell subsets (Fig. 4C). This observa-
tion was of particular interest as monocytes/macrophages are
known to polarize into two major functional states—M1-like
(antitumor) and M2-like (protumor) phenotypes (29). How-
ever, recent single-cell studies suggest that M1 and M2 phe-
notypes define the possible extremes of polarized cells in vitro

but may not capture the full spectrum of tumor-associated
macrophages (TAM) in vivo (25). We therefore sought to
evaluate whether scSurvival could reliably distinguish pro-
tumor and antitumor monocyte/macrophage populations
by stratifying them into higher- and lower-hazard cell subsets.

Reclustering analysis of the monocyte/macrophage com-
partment revealed that higher- and lower-hazard cells tend to
cluster separately (Fig. 4D), suggesting transcriptional and
potentially lineage similarity within each risk group. Interest-
ingly, we also observed that some subclusters, such as cluster
1, contained a mixture of both higher- and lower-hazard cells
(Fig. 4D), indicating intracluster heterogeneity in risk states.
Notably, the distribution of M1 and M2 gene signature scores
showed strong concordance with our predicted risk states, fur-
ther supporting the biological relevance of the subpopulations
identified by scSurvival (Fig. 4D; Supplementary Fig. S5C).
To further explore transcriptional differences between these
cell populations, we performed differential expression analysis
comparing higher-hazard and lower-hazard cells. As a result,
169 genes were significantly upregulated and 397 genes were
significantly downregulated in higher-hazard cells relative to
lower-hazard cells (Fig. 4E; Supplementary Table S2). Notably,
several key M2-associated markers (30), including SPPI and
MSRI, were among the upregulated genes in higher-hazard
cells. Conversely, several canonical M1-associated markers
(e.g., IDOI and CXCL9) and MHC class II genes (e.g., HLA-DOB)
were significantly downregulated in these cells. Of particular
interest, SPP1 and CXCL9 ranked among the top upregulated
and downregulated differentially expressed genes (DEG),
respectively (Fig. 4E; Supplementary Table S2). A recent
study (25) has identified CXCL9 and SPPI as key markers of
macrophage polarization. Specifically, the CXCL9:SPPI ratio
was shown to reflect antitumor immune abundance and
responsiveness to immunotherapy (25). Consistent with this,
we observed that lower-hazard monocytes/macrophages pre-
dominantly exhibited an SPPI~ CXCL9* phenotype, whereas
higher-hazard cells were characterized by an SPP1* CXCL9~
profile (Fig. 4F; Supplementary Fig. S5D). Furthermore, Gene
Ontology (GO) enrichment analysis revealed that DEGs
upregulated in higher-hazard cells were enriched in pathways
associated with neutrophil migration and chemotaxis and
several lipid metabolism signals such as lipid localization and
transport (Fig. 4G). In contrast, DEGs upregulated in lower-
hazard cells were enriched in pathways related to immune
activation, including lymphocyte differentiation and activation,
type II interferon response, and MHC class II antigen pre-
sentation (Fig. 4G). These enriched pathways are consistent
with known features of TAMs, in which lipid metabolism and
neutrophil-recruiting chemokines are commonly linked to pro-
tumor phenotypes, whereas antigen presentation and interferon
responses are hallmarks of antitumor macrophage activation
(bioRxiv 2024.12.18.629070; refs. 30-32). Importantly, these
biological distinctions between protumor and antitumor
myeloid states were also recapitulated in an independent
melanoma dataset treated with immunotherapy [GSE221553;
ref. (33); Supplementary Fig. S6A-S6H], further supporting
the robustness of scSurvival in integrating survival informa-
tion to distinguish functionally distinct monocyte/macrophage
populations.
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Besides, based on morphologic assessments of immuno-
therapy response, the original study classified the 48 samples
from 32 patients into 17 responders and 31 nonresponders
(24). As scSurvival enables the assessment of cellular risk het-
erogeneity within each patient, it revealed intrapatient variability
in risk states. Overall, the key cell subpopulations defined by
scSurvival (excluding inattentive cells) and their associated
hazard scores showed strong concordance with immunother-
apy response: key cells in responder samples had significantly
lower hazard scores than those in nonresponder samples
(Fig. 4H; Supplementary Fig. S7A and S7B). The proportions
of lower- and higher-hazard cells within each sample further
demonstrated that responder samples contained significantly
more lower-hazard cells, consistent with the findings of the
original study (Fig. 4I; ref. 24). Figure 4] provides an intuitive
visualization of this refined cellular risk heterogeneity. Notably,
among the four patients who had both responder and nonre-
sponder samples, three patients (P28, PS5, and P4) exhibited
cellular risk assessments consistent with their response status
(Fig. 4J; Supplementary Fig. S7C). By preserving risk hetero-
geneity at the cellular level, scSurvival also enables the recon-
struction of sample-level summaries that integrate immune
composition, survival information, and model attention. Sup-
plementary Figure S7D summarizes these multidimensional
outputs across all samples, providing an in-depth overview that
highlights key immune features underlying patient-level risk.

At the patient level, beyond assessing immunotherapy
response, we also conducted leave-one-out CV to evalu-
ate the predictive performance of the scSurvival-derived
risk model based on single-cell expression data. The results
demonstrated that the predicted patient hazard scores sig-
nificantly stratified patient survival outcomes (P = 0.033) and
accurately ranked risks (C-index = 0.812; Fig. 4K), indicating
that scSurvival established a reliable survival prediction model
at the patient level. Furthermore, univariate Cox regression
confirmed that scSurvival-derived hazard scores were signifi-
cantly associated with OS (P = 0.022), with a hazard ratio
comparable with cytotoxicity and more significant than other
conventional immune features, including the average expres-
sion ratio of CXCL9 and SPP1 (Supplementary Fig. S8A). The
achieved C-index of 0.812 also outperformed benchmark
models based on cell type fractions, pseudobulk expres-
sion, or the CXCL9/SPPI expression ratio (Supplementary
Fig. S8B).

scSurvival Identifies Prognostic T-Cell States and
Enables Survival Prediction in Melanoma

T cells play a crucial role in tumor immunotherapy. To
better highlight the role of T cells, we isolated T cells (10,685
cells) from the previous melanoma dataset (Fig. 5A) and
analyzed them with scSurvival. To more rigorously assess
the predictive power of scSurvival, we further evaluated a
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(24, 25). Cell numbers are indicated in parentheses. B, UMAP showing adjusted hazard scores estimated by scSurvival for each cell. C, Distribution of
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score for M1-like and M2-like signatures. E, Scatter plot of DEGs between higher-hazard and lower-hazard monocytes/macrophages. Red dots represent
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T cell-based survival model across multiple independent
scRNA-seq melanoma datasets containing T-cell expression
profiles (Supplementary Table S1).

In the T cell-only analysis, scSurvival identified a large
number of key cells, with their attention and hazard scores
shown in Fig. 5B and Supplementary Fig. S9A. Overall, cytotoxic
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Figure 5. scSurvival analysis and prediction using T cells from a melanoma cohort. A, UMAP visualization generated using MVG2000, showing
diverse T-cell subtypes. Cell numbers are indicated in parentheses. B, UMAP showing T-cell hazard scores estimated by scSurvival. C, Distribution of
cell hazard scores across T-cell subtypes, with the overall risk trend indicated by red and blue arrows. D, Boxplot showing predicted hazard scores for
each patient based on T cells, ranked by patient-level hazard scores. E, UMAP of all T cells colored by risk grouping. F, Scatter plot of DEGs between
higher-hazard and lower-hazard T-cell groups. Red dots represent genes upregulated in higher-hazard cells, blue dots represent genes upregulated in
lower-hazard cells, and gray dots denote nonsignificant genes. G, GSEA results comparing higher-hazard and lower-hazard T cells. H, A gene signature
derived from DEGs between high-hazard versus low-hazard groups, evaluated in independent bulk RNA-seq melanoma datasets. Boxplots show
signature scores in responder versus nonresponder groups across two independent datasets, with P values calculated using the Wilcoxon test. Kaplan-
Meier survival curves compare patients with high versus low signature scores (median cutoff) in two independent datasets, with P values calculated
using two-tailed log-rank tests. I, UMAP plots of predicted cell hazard scores in two independent nonresponder single-cell datasets using the trained
scSurvival T-cell model. J, UMAP showing predicted cell hazard scores in an independent responder scRNA-seq sample using the trained scSurvival
T-cell model. K, Violin plot comparing predicted hazard scores of cells from three new scRNA-seq samples. P value calculated using a one-sided
Wilcoxon test. L, UMAP of predicted cell hazard scores of T cells from an independent melanoma cohort (n =13 patients) using the trained scSurvival
T-cell model. M, Risk stratification and C-index evaluation based on predicted patient-level hazard scores in this independent cohort. P value calcu-
lated using the log-rank test. N, Multivariable Cox regression analysis incorporating sex, age, and scSurvival-derived patient-level hazard scores. Data
are presented as hazard ratio (HR) + 95% confidence interval (Cl) and P value was calculated using a Wald test. NES, normalized enrichment score; NR,
nonresponder; R, responder; TCR, T-cell receptor.
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T cells, exhausted CD8" T cells, and regulatory T cells tended
to be associated with longer survival, whereas memory
T cells were linked to shorter survival (Fig. 5C). Notably,
a subset of cytotoxic CD8* T cells in this cohort expressed
high levels of stress- and exhaustion-related markers (e.g.,
TIGIT, HSPAIA, and HSPAIB; Supplementary Fig. S9B),
which may explain why these cells were associated with
unfavorable outcomes in the Cox regression model (Sup-
plementary Fig. S8A). Intrapatient cellular hazard scores
remained largely consistent with immunotherapy response
status (Fig. 5SD). Furthermore, lower-hazard T cells were
enriched in effective immune checkpoint blockade (ICB)
responses, whereas higher-hazard T cells predominated in
nonresponders (Fig. SE; Supplementary Fig. SOC and S9D).
Differential expression analysis revealed that lower-hazard
T cells displayed elevated expression of genes associated
with T-cell longevity and stem-like memory potential (34),
such as TCF7, CCR7, and IL7R (Fig. SF; Supplementary Fig.
S9E; Supplementary Table S3). In contrast, higher-hazard
T cells upregulated multiple immune-inhibitory receptors,
including HAVCR2 (TIM-3) and LAG3. Intriguingly, higher-
hazard T cells also expressed a broad stress response program,
with marked induction of heat shock genes such as HSPAIA
and HSPAIB (Fig. SF; Supplementary Fig. S9E). A recent
pan-cancer study has described a distinct intratumoral T-cell
subset, termed TSTR cells, characterized by pervasive heat
shock gene expression and linked to poor clinical outcomes
in immunotherapy (35). In line with these findings, gene set
enrichment analysis (GSEA) revealed strong enrichment of
cellular stress pathways, T-cell exhaustion signatures, and
cytotoxic dysfunction programs in higher-hazard T cells
(Fig. 5G; Supplementary Fig. SOF), reinforcing the notion
that stress-adapted, dysfunctional T-cell states underlie poor
therapeutic responses (35). Furthermore, the DEG-derived
signature score was significantly higher in ICB nonre-
sponders than in responders across multiple independent
ICB datasets, and it effectively stratified both OS and PFS
in the PRJEB23709 bulk RNA-seq melanoma immunotherapy
cohort (Fig. SH; ref. 36).

The trained scSurvival model can also be applied to predict
patient survival outcomes in independent melanoma single-
cell datasets. We first applied the model to three independent
patients with melanoma treated with ICB, including two
nonresponder samples (Fig. 5I; ref. 37) and one responder
sample (Fig. 5J; ref. 38). The results showed that T cells in the
responder sample had significantly lower hazard scores com-
pared with those in the two nonresponder samples (Fig. SK).
We further validated the model on an independent melanoma
cohort with survival outcomes (PRJINA679099; ref. 39), which
includes 13 pretreatment samples comprising 76,112 cells
(Supplementary Fig. S9G and S9H; Fig. 5L). The predicted
patient hazard scores achieved a C-index of 0.757, and risk
stratification (using optimal grouping) reached statistical
significance (P = 0.008; Fig. SM; Supplementary Fig. SOI).
Univariate and multivariate Cox regression analyses based
on the continuous patient hazard scores further confirmed
that the predicted risks were significantly associated with
survival outcomes (P = 0.04; Supplementary Fig. S9J; Fig. SN).
In addition, given that the training dataset included both
pretreatment and posttreatment samples, we performed

stratified analyses. The results showed that the features and
signals identified by scSurvival were conserved across both
pretreatment and posttreatment subsets (Supplementary
Fig. S10A and S10B).

scSurvival Reveals Survival-Associated Cell
Subpopulations in a Liver Cancer Cohort

We next applied scSurvival to a large liver cancer scRNA-seq
atlas comprising 189 samples from 124 patients, including
both tumor and TME cells with annotated cell types (40).
Among these, survival information was available for 121
patients (Supplementary Fig. S11A; Supplementary Table S1).
UMAP projection revealed diverse cell populations, including
tumor/epithelial cells, multiple immune cell subtypes, and
stromal components for a total of 1,092,172 cells (Fig. 6A).
scSurvival computed cell-level hazard scores across all cells
(Fig. 6B), which were further stratified into higher-hazard,
lower-hazard, and inattentive groups via an attention-guided
risk grouping strategy (Fig. 6C). Distinct cell types exhibited
different distributions of hazard scores (Fig. 6D; Supplemen-
tary Fig. S11B). Consistent with previous results from the
melanoma immunotherapy cohort analysis, scSurvival iden-
tified higher-hazard macrophages characterized by elevated
SPPI and reduced CXCL9 expression (Supplementary Fig.
S11C). This expression pattern is also consistent with recent
findings in liver cancer, in which SPP1* TAMs promote tumor
progression and stemness (41, 42).

In the tumor cell compartment, approximately one third
of the epithelial cells were identified as higher hazard, with
the remainder as lower hazard (Fig. 6D), highlighting sub-
stantial heterogeneity among tumor cells that contribute
to patient prognosis. To dissect transcriptional differences,
we compared gene expression profiles of higher- and lower-
hazard tumor cells. As a result, 1,672 genes were upregulated
and 997 genes were downregulated in higher-hazard tumor
cells (Fig. 6E; Supplementary Table S4). Notably, the higher-
hazard cells exhibited upregulation of genes linked to
hypoxia (HIF1A), stemness (PSCA and APLPI), and epithelial-
mesenchymal transition (EMT; S100A4 and SPPI; ref. 43).
GO and Kyoto Encyclopedia of Genes and Genomes (KEGG)
enrichment analyses confirmed activation of EMT-related
pathways, including wound healing, epithelium migration,
and hypoxia-inducible factor-1 signaling pathway, in high-
er-hazard tumor cells (Fig. 6F; Supplementary Fig. S11D).
Furthermore, GSEA revealed significant enrichment of EMT,
TNFo signaling via NF-kB, hypoxia, and TGFp signaling in
the higher-hazard group, indicating a more invasive phe-
notype (Fig. 6G and H). In contrast, lower-hazard tumor
cells showed elevated expression of liver-enriched metabolic
genes such as ARGI and ALDOB. Correspondingly, pathway
enrichment analysis highlighted activation of metabolic
programs in the lower-hazard group (Fig. 6F and G; Sup-
plementary Fig. S11D), suggesting that these cells exhibit
heightened metabolic activity and a hepatocyte-like transcrip-
tional profile. This observation aligns with previous reports
that a subset of tumor cells can display a well-differentiated
phenotype with hepatocyte-like features (44), which are
typically associated with more favorable clinical outcomes in
liver cancer.
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Figure 6. scSurvival analysis of a liver cancer single-cell cohort with survival data. A, UMAP visualization of a liver cancer scRNA-seq dataset colored
by cell types with cell numbers indicated in parentheses. B, UMAP visualization of cell hazard scores estimated by scSurvival. C, UMAP visualization of cell
risk groups, including higher-hazard, lower-hazard, and inattentive populations. D, Bar plots showing the proportions of higher-hazard, lower-hazard, and
inattentive cells across cell types. E, Scatter plot of DEGs between high-hazard and low-hazard tumor cells. Orange dots indicate upregulated (up) genes,
blue dots indicate downregulated (down) genes, and gray dots represent nonsignificant (NS) genes. (continued on following page)
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Pseudotime analysis revealed a trajectory from lower-hazard
tumor cells branching into two higher-hazard tumor states
(Fig. 6I). Notably, tumor cells from branch 2 displayed elevated
EMT activity and showed a stronger correlation with the
adjusted hazard score (Fig. 6I), suggesting that this subpopu-
lation is linked to greater invasiveness and poorer prognosis.

As a downstream analysis, we extended the scSurvival-
identified higher-hazard and lower-hazard tumor cell states
into bulk RNA-seq datasets to further assess their biological
and clinical relevance. First, we combined the 100 most
upregulated and 100 most downregulated DEGs into a uni-
fied single-cell liver cancer unfavorable survival signature
(scLCSS; Supplementary Table S4). The scLCSS signature
scores calculated on bulk RNA-seq datasets robustly distin-
guished tumor samples from nontumor or adjacent tissues,
with scores increasing progressively with advancing tumor
pathologic stage (Fig. 6]). More importantly, across four inde-
pendent liver cancer cohorts with clinical follow-up, patients
classified as scLCSS-high exhibited shorter OS and PFS
than their scLCSS-low counterparts (Fig. 6K; Supplementary
Fig. S11E). These findings highlight the ability of scSurvival
to identify survival-associated cell subpopulations that are
clinically relevant to prognosis.

Finally, we evaluated the predictive performance of scSurvival
at the patient level. We conducted five-fold CV using patients
from the liver cancer cohort. The predicted patient-level hazard
scores in the testing folds achieved a C-index of 0.719 + 0.098.
Kaplan-Meier survival analysis, based on stratifying patients
into high- and low-risk groups by the median of their predicted
hazard score percentiles, further revealed that the high-risk
group had significantly worse prognosis than the low-risk
group (P < 0.0001; C-index = 0.719 + 0.098; Fig. 6L). Consis-
tently, univariate Cox regression showed that the scSurvival-
derived hazard scores were significantly associated with survival
(P <0.001), outperforming other conventional immune features
(Supplementary Fig. S8A). The achieved fivefold CV C-index
(0.719) also exceeded those of benchmark models using cell type
fractions, pseudo-bulk expression, or the CXCL9/SPPI ratio
(Supplementary Fig. S8B). Together, these results demonstrate
that the risk prediction model constructed by scSurvival using
single-cell expression data can provide clinically meaningful sur-
vival predictions in real-world patient cohorts.

DISCUSSION

In this study, we develop scSurvival, a new framework
that simultaneously constructs survival prediction models
and identifies cell subpopulations associated with disease

<

progression and patient outcomes. Unlike existing approaches
that rely on bulk data as an intermediary for indirect associ-
ation or that simply aggregate single-cell expression into
pseudo-bulk profiles or cell type fractions, scSurvival adopts
a multiple-instance learning strategy, modeling each patient’s
tumor profile as an ensemble of multiple cellular instances
to enable cellular resolution. By introducing attention mech-
anisms and a multiple-instance Cox regression framework,
scSurvival not only enables efficient and accurate hazard score
prediction but also preserves cellular-level heterogeneity,
allowing for the identification of key cell subpopulations
closely associated with survival outcomes. Such survival-
associated cell subpopulations identified by scSurvival could
also be used to facilitate other forms of survival analysis
such as pseudo-bulk analysis of those selected cell popula-
tions to build multigene risk scores. Our results demonstrate
that scSurvival achieves robust performance across multiple
simulated datasets and real clinical cancer cohorts. Notably,
it successfully identified high-risk macrophage/monocyte
subpopulations in the melanoma immunotherapy dataset
and specific tumor cell subpopulations in the liver cancer
cohort, providing valuable insights into the tumor immune
microenvironment (TIME) and prognostic mechanisms.
Moreover, a survival prediction model constructed using
T cells from the melanoma cohort exhibited robust pre-
dictive accuracy when validated on independent datasets,
further confirming the stability and broad applicability of
scSurvival. Interestingly, our analysis revealed that a subset
of CD8* cytotoxic T cells was unexpectedly associated with
poorer prognosis in this cohort. Although counterintuitive,
this likely reflects heterogeneous CD8* functional states,
in which exhausted or stress-adapted subsets can override
their canonical effector role (35). Similar context-dependent
associations of CD8" T cells with unfavorable outcomes
have been reported in certain cancer settings, underscoring
the importance of considering their functional state rather
than abundance alone when evaluating prognostic impact
(24, 35). In addition, we observed context-dependent asso-
ciations of B cells across tumor types. In melanoma, B cells
were enriched in the lower-hazard group and frequently
localized within TLS, consistent with their reported role
in enhancing responses to ICB. By contrast, in liver cancer,
B cells were enriched in the higher-hazard group, which may
reflect the tolerogenic hepatic microenvironment in which
B cells often acquire immunoregulatory phenotypes that
suppress antitumor immunity. These findings highlight
the heterogeneous and context-dependent roles of B cells in
cancer prognosis (45, 46).

Figure 6. (Continued)F, GO Biological Process (GOBP) enrichment analysis of DEGs in high-hazard versus low-hazard tumor cells. Adjusted P values
(P_adjust) calculated using the hypergeometric test and corrected for multiple testing using the FDR. G, GSEA of high-hazard tumor cells versus
low-hazard tumor cells. H, GSEA enrichment curves of pathways altered in higher-hazard tumor cells versus lower-hazard tumor cells. I, Monocle 2
trajectory analysis of tumor cell differentiation, revealing two main divergent trajectories. Cells are colored by pseudotime (top) and by risk groups
(bottom). Pearson correlation analysis between pseudotime scores and pathway activity or adjusted hazard score of cells. Smooth curves in each plot,
generated using locally weighted smoothing method. J, Boxplots showing the distribution of scLCSS activity scores [inferred by the Virtual Inference
of Protein Activity by Enriched Regulon analysis (VIPER) algorithm] across tumor and nontumor samples in five independent cohorts. K, Kaplan-Meier
survival curves showing OS or PFS based on unfavorable survival signature scores in two liver cancer datasets. Patients were stratified into high- and
low-risk groups according to the median risk scores. Statistical significance was determined using the two-tailed log-rank test. L, Five-fold CV at the
patient level, evaluating the stratification ability of risk percentiles and reporting the mean C-index and SD. P value calculated using the log-rank test.
LIHC, liver hepatocellular carcinoma; NES, normalized enrichment score; TCGA, The Cancer Genome Atlas; Treg, regulatory T cells.
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Nevertheless, several limitations remain to be addressed in
future work. First, although scSurvival incorporates mech-
anisms for batch effect correction, its robustness against
extreme batch heterogeneity arising from different sequenc-
ing platforms or centers could be further improved. Future
efforts may focus on enhancing batch effect modeling to
facilitate more effective cross-batch data integration. Second,
although the SE module currently serves to balance feature
scales, its biological significance has not yet been fully explored.
Future work could investigate the interpretability of SE
weights or introduce alternative strategies for identifying
key survival-related genes, thereby enhancing the biological
transparency of the model. Third, although scSurvival sup-
ports the integration of clinical covariates at the patient level,
we did not systematically evaluate how covariate adjustment
influences the identification of risk-associated cell popu-
lations. In our initial evaluation, including covariates in
scSurvival for the melanoma datasets produced similar results.
Further studies are needed to dissect the interactions between
covariate effects and intrinsic cellular risk features. Lastly,
emerging spatial transcriptomics and proteomics technol-
ogies in cancer research provide rich molecular information
coupled with spatial coordinates, offering an additional layer
of biological context. The scSurvival framework could be
extended to these spatial modalities by incorporating posi-
tional relationships among cells or spots, thereby enabling the
identification of survival-associated, spatially co-localized pat-
terns that extend beyond cell subpopulations.

In summary, scSurvival provides a scalable and systematic
framework for survival prediction from cohort-level cancer
single-cell data. It not only enables accurate prediction of
patient survival outcomes but also provides a powerful tool
for identifying survival-associated cell subpopulations to
facilitate downstream mechanistic investigations at cellular
resolution. By preserving cellular-level heterogeneity and
leveraging attention-based modeling, scSurvival enhances our
ability to link molecular and cellular features to patient out-
comes. We believe that scSurvival will accelerate the broad
adoption of cohort-level single-cell profiling for survival analysis
and deepen our understanding of how specific cell subpopu-
lations in the TME influence cancer outcomes, positioning
it as a valuable tool for translational cancer research.

METHODS

scSurvival Framework

The input to scSurvival originates from a patient cohort (Fig. 1A),
with a total of m patients. Each patient undergoes scRNA-seq, result-
ing in an individual gene expression matrix (Fig. 1B). The collection

of all single-cell expression matrices was denoted as X = {X(’)} iy in

which the expression matrix for patient i is represented as X"'e R"*?,
comprising #, cells and p genes. Each patient is also associated
with survival information Y = (T, E), in which T= (tlytz,...,tm )e RY
records the event times and E= (51,‘32»---»% )e {0,1}m indicates the
event statuses, with ¢, =1 denoting the occurrence of the event
(e.g., death) and e, = 0 representing censoring (Fig. 1C; refs. 47, 48).
To account for potential batch effects arising from different data
sources, scSurvival also supports automatic batch effect correction,
in which the batch labels corresponding to individual cells are

denoted as B= {b(')}m_l, in which e R".

The scSurvival model primarily consists of two modules: a cell
feature extraction module and a multiple-instance Cox regression
module. The feature extraction module is a VAE-based generative
model that learns unified cell embeddings across batches (Fig. 1D).
In the multiple-instance Cox regression module, these cell embed-
dings are aggregated at the patient level through a multihead atten-
tion mechanism and subsequently passed into a scoring network to
compute relative hazard scores and perform standard Cox regression
(Fig. 1E). If patient-level covariates need to be considered, scSurvival
also supports incorporating covariates simultaneously during Cox
regression (Fig. 1G). In addition, we apply an entropy regularization
(22) term on the attention weights to control the sparsity of attention
and enable the identification of key cells. The overall loss function of
the model is given by

L=L+ ALy + AL,

nt>

inwhich L, L., and £,,, denote the loss functions for Cox regres-
sion, VAE reconstruction, and entropy regularization, respectively,
and 4, and 4, are hyperparameters balancing these components.

Ultimately, scSurvival is capable of providing survival predictions
at the patient level, and based on the attention weights and the
hazard scoring network, it can also identify key cells associated with
higher or lower risk (with optional adjustment for covariate effects;
Fig. 11-K).

VAE Model Architecture

During the feature extraction phase, we train the model based on
the complete set of single-cell expression data from all patients. In
addition to standard quality control, preprocessing of the single-cell
data before input to scSurvival includes total normalization within
each cell, log;p transformation, and selection of highly variable genes
(by default, scSurvival uses MVG2000 as the input; refs. 49, 50). Sep-
arating these preprocessing steps from the model facilitates reducing
the model burden when making predictions on independent data-
sets. We assume that the preprocessed expression data are generated
according to the following process:

P(Z[) = N(ZE‘O’I)’
P(xcg |zc’bc) = ZIG(xcg |pcg’lu6g’o-;)’
Py = [E(z:b:50),

Hy = £ (z,b59)-

Here, z,€ R** represents the low-dimensional latent state of cell c,
in which d,,,, denotes the embedding dimension. Its prior dis-
tribution is assumed to follow the standard normal distribution,
N (z.[0,1). The gene expression x, is modeled by a ZIG distribu-
tion (17, 18) with parameters p,, 4, and O';, in which p, is the
inflation probability, and 4, and 0'; are the mean and variance of
the nonzero Gaussian component, respectively. The ZIG distribu-
tion is capable of capturing technical dropouts in gene expression
data and distinguishing them from biologically meaningful low
expression. Its likelihood function is defined as

ZIG(xfg |p‘g"u€§’o-;) = pfgg(xfg) + (1 - p‘&)N(x‘X |’u‘<§’o-;)’

in which &(x) is the Dirac delta function (51), which equals 1 at zero
and 0 elsewhere. The parameters p,, and 4, are computed by a param-
eterized decoder f,(z,,b.;¢), which takes as input the latent state z,
and the corresponding one-hot encoded batch label b,. The decoder
is implemented as a fully connected neural network with parame-
ters denoted by ¢. The variance term O'; is a trainable, gene-specific
parameter independent of the input.
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According to the principle of VAE (arXiv 1312.6114), the posterior
distribution of the latent state z_is assumed to follow a Gaussian dis-
tribution of the form

q(zc]xb.) = N (= | 4y (x,,.),05 (x.,8.)),

in which the parameters 4, and o, lie in R** and are computed
by an encoder that takes as input the expression vector x, of cell ¢ and
its encoded batch label .. In practice, the latent state z_is sampled via
the following differentiable reparameterization trick:

z. = Hy(x.,b,) + 0,(x,,b, )0 &,e~N(0,I).

The encoder consists of three modules: LN, SE, and a feature
extraction module. LN (19) normalizes the input during training.
The SE module, short for squeeze-and-excitation module (20), is a
lightweight attention mechanism defined as

SE(x) = sigmoid(VVc-reIu(VVs-x)) Ox,

in which W,e R*? projects the high-dimensional input features
into a lower-dimensional space for global feature summarization,
with d being the reduced dimension and p the original feature dimen-
sion (i.e., the number of genes). The matrix W,e R” maps the com-
pressed features back to the original space to produce feature-wise
reweighting coefficients. The SE module enables adaptive recalibra-
tion of features during training.

The feature extraction module within the encoder is implemented
as a fully connected neural network, denoted as E, (»,#;6) with param-
eters 6. It takes as input the concatenated recalibrated gene features
and batch labels to compute the parameters of the latent posterior
distribution:

Hy(%.,h,) = E, (SE(LN(x,)),b,56),

VAE Reconstruction Loss and Rare Gene Weighting

Following the principle of #-VAE (52), we define the reconstruc-
tion loss using the negative evidence lower bound as

i
Lyag (xc) = —ZIOgZIG(x[g) + ﬂDKL (q(zc Ixc>bc)||P(zc))>
g=1
in which f is a hyperparameter controlling the strength of the
Kullback-Leibler (KL) divergence (53) regularization. During training,
we further employ the FreeBits technique (54) to control the influ-
ence of KL divergence and prevent feature collapse, by imposing a
minimum KL divergence threshold 7 independently on each latent
dimension. In addition, to stabilize the variance estimates, we intro-
duce a prior regularization (55) on o, as

p(a; ) = Gamma(o‘é ‘2,2),
and incorporate it into the VAE loss via maximum likelihood. The
resulting overall loss function becomes

L) = -0 216(x,) + B0, (a(= 5.8l p() - 2, X logr(a?),
&= 8=

in which A, is a hyperparameter controlling the strength of the
variance prior regularization.

Moreover, to balance the expression levels across genes and pre-
vent important lowly expressed rare genes from being dominated by
highly expressed genes, we introduce gene-specific weights into the
loss function. The gene weight is defined by

_ 1
X, = ;;xtg,for g=1..,p,

x= median(E1 ,EZ..,EP),

in which # is the total number of cells and ¢ is a small constant
to avoid division by zero, and & is a hyperparameter controlling the
strength of weighting differences.

Thus, the final VAE training loss becomes

Ls() = = 30, (1087216 (x, ) + 4, 1o p(02 )+ ADy, (a(= |2l (=)
g=1
The average loss over all cells is computed as
12
L= ;zLVAE(xU)’
c=1

n
in which n=an denotes the total number of cells across all
patients. =t
In addition to extracting cell features using ZIG-VAE, we also im-
plement a standard VAE with mean-squared error as the reconstruc-

tion loss, given by

L 2
Lo var (xL) = _ng (xug - /‘lug) + Dy, (‘1(@ |x€,bﬂ)||p(z£)),
g=1
and PCA (56) for feature extraction. These alternative methods can
handle simpler scenarios and provide rapid performance validation
in practical analyses.

Multi-Head Attention Aggregation Mechanism

We use the mean vector 4, (x,,b,) output by the decoder as the sta-
ble embedding feature for each cell and subsequently use it as the
input to the downstream model. For simplicity, we denote it as f,
when there is no ambiguity. We then employ a multi-head attention
mechanism (57) to aggregate the cell embeddings into patient-level
features.

In each attention head, the cell embedding is first projected to a
lower-dimensional space through a linear mapper:

h,=W,u + b,

in which W,e R% "% and b,e R* are the weight matrix and bias

‘model

vector, respectively, and d, = is the reduced feature dimension,

L
with n, denoting the number of attention heads.
Next, we compute the gated attention coefficients (12) as

a, = w, (tanh(U,h, ) Osigmoid (V,h,)),
in which w,e R and U,,V,€ R**% are trainable parameters.
Subsequently, the dimension-reduced features and corresponding
attention weights are grouped by patient, denoted as {(hl(’) B )}
" iz
and {(a{‘),ag’)...,ai‘))} , respectively. For each patient, the attention
' i=1

coefficients are first normalized via the SoftMax function:
exp(a(’) )
"i(f) _ ‘
(2 n; (i)
Z: =1€Xp(d[ )

The patient-level feature is then obtained by the weighted aggrega-
tion of the cell features as

,forc=1,..,n,, fori=1,.,m.

HY = Zﬁg"hﬁ",fori= 1,..,m.
c=1

Finally, the complete patient representation is formed by concate-
nating the outputs from all attention heads as

HY = Concat(Hf’),H;’),...,Hffh)), fori=1,.m.

in which Hj') denotes the aggregated patient feature from the jth
attention head.
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Although the gated attention mechanism inherently tends to pro-
duce sparse attention, in practice, to better identify the most crit-
ical hazard cells, we further introduce entropy regularization (22)
to explicitly control the sparsity of attention. First, the normalized
information entropy for each patient is computed as

~(i-]) ~(i-j)
1 204, log(at )
Ent) = —— SEELA U
! log(m,)

My =1c=1

>

in which 4"/ denotes the normalized attention coefficient for cell
¢ in patient 7 under the jth head. The entropy regularization loss is
then defined as
L., = max[—iZEnt([) - }/,0),
mi=
in which y is a threshold for the normalized entropy, such that no
penalty is applied when the entropy decreases below y.

Cox Regression

The aggregated patient-level features are subsequently used for
standard Cox regression (47, 48). We define the hazard model as

h(t‘H(” ) =h, (t)exp(s(H(i) )),

in which h, (¢) denotes the baseline hazard and S(H(’) ) is the relative
hazard score. The scoring function s is implemented as a simple two-
layer neural network with the following structure:

o(h) = W,-dropout, ; (relu(W,-h+b,))+b,,
s(h) = clamp(o(h),~10,10),

in which dropout ; denotes dropout with a rate of 0.5 and clamp
constrains the output within the range [-10,10] to improve numer-
ical stability.

The loss function is based on the partial likelihood of the Cox pro-
portional hazards model, defined as

L. - _Wlle;_l[s(HM) “log ¥ exp(s(m")))],

/eR(t;)

"
in which m, = Zel denotes the total number of patients who
i=1
experienced the event, e, and ¢, represent the event status and event
time for patient i, respectively, and R(t,) = {i’:t; Zt}} denotes the
risk set, comprising patients whose survival time is greater than or
equal to ¢,.

When incorporating patient-level covariates, we combine the rel-
ative hazard contributions from the covariates using a linear model.
The hazard model is modified as

h(t‘H(’)) = ho(t)exp(s(H(’)) + 7" xY ),

cov

in which X% denotes the covariate vector for patient i and 77 rep-

resents the trainable weight vector associated with the covariates. The
corresponding loss function becomes

L, = —IZ(S(H(’)) + T]TXE;'), —log z exp(s(H(',)) + T]TXL:V))J
My o=l feR(t;)
Total Loss Function and Training Strategy

scSurvival trains the model by jointly optimizing the three loss
components described above, with the total loss function defined as

L= Lo+ ALy + ALy,

in which 4 and 4, are hyperparameters. In practice, to achieve sta-
ble cell embeddings, we adopt a pretraining followed by fine-tuning
strategy. First, we pretrain the VAE by minimizing £, alone using
batch gradient descent. Subsequently, based on the pretrained VAE

parameters, we fine-tune the model by jointly optimizing the overall
loss £ using the gradient surgery technique (58). The principle of gra-
dient surgery is to apply different learning rates to different modules,
thereby preserving the pretrained feature extractor’s stability. During
fine-tuning in scSurvival, we set the learning rate for the VAE module
to be 1/10 of that for the multiple-instance Cox regression module.

This joint optimization strategy enables the model to learn cell
representations that are adaptively aligned with survival outcomes,
yielding more informative and task-specific embeddings than fixed
features while simultaneously mitigating overcorrection of batch
effects. Nevertheless, scSurvival also provides interfaces that allow
users to directly input custom-fixed features if desired.

When handling extremely large-scale datasets (e.g., when the total
number of cells exceeds one million), computing the Cox loss
requires aggregating features from all cells, which in turn forces the
VAE module, especially the decoder, to reconstruct all cells simulta-
neously. Because of the decoder’s complexity and the reconstruction
loss, this would result in constructing and storing extremely large
computational graphs, causing significant memory overhead.

To address this, for ultra-large datasets, we adopt an alternating
optimization strategy during fine-tuning to approximate joint train-
ing. Specifically, the steps are as follows:

1. Perform one gradient update step on 4.L,,,. As only the VAE is
updated in this step, we can employ mini-batch training as in the
pretraining phase, which automatically releases the computational
graph after each update and prevents memory accumulation. To
further accelerate training, it is even possible to update using only
a single batch. Empirically, this procedure is sufficient to maintain
the stability of the pretrained model in large-scale settings.

2. Perform one full-batch gradient update on £, + 4,£,,,. Given the
relative simplicity of the multiple-instance Cox module, full-batch
updates remain manageable in terms of memory consumption.

3. Within each training iteration, execute steps 1 and 2 sequentially
to implement alternating updates.

Cell Number Balancing Sampling

When the number of measured single cells varies significantly
across patients, directly training on all data may lead to uneven dis-
tributions of attention coefficients among patients. For example,
patients with a larger number of cells may have overall smaller atten-
tion values, introducing biases in cell-level comparisons. To address
this issue, we introduce an optional cell number-balancing sampling
strategy in the multiple-instance Cox regression module. Specifi-
cally, we first compute the average number of cells across all patients,
denoted as 7. During each fine-tuning step, for patients with more
than 7 cells, we perform uniform sampling without replacement;
for patients with fewer than 7 cells, we perform uniform sampling
with replacement. As a result, each patient retains exactly 7 cells for
the computation of the Cox loss and entropy regularization loss, fol-
lowed by gradient updates. As the sampling procedure is repeated at
every training step, eventually, almost all cells participate in the train-
ing process without causing data resource waste.

Hyperparameter Settings

The threshold y in the entropy regularization is the most criti-
cal hyperparameter in scSurvival as it directly controls the sparsity
of the attention coefficients and thus influences the number of
key cells retained. We recommend adjusting y within the range
of 0.5 to 1.

Other hyperparameters are kept consistent across all our experi-
ments on both simulated and real datasets and can be categorized
into model hyperparameters and training hyperparameters. The model
hyperparameters include the input feature dimension, which is set
to 2000 by default; in all analyses, we use MVG2000 genes selected
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by Seurat (49) as input features; the latent feature dimension d,,,,,
which is set to 128; the hyperparameters f and 4, for the VAE recon-
struction loss, with default values of 1 and 0.1, respectively; the KL
divergence threshold 7 for FreeBits (54), which is set to 0.2; the gene
weight scaling factor &, which is set to 0.2; the number of attention
heads n,,,,, which is set to 8; and the loss weight hyperparameters 4,
and A,, which are set to 0.01 and 1, respectively.

The training hyperparameters include a learning rate of 1x107;
200 pretraining epochs; and a maximum of 500 fine-tuning epochs,
with early stopping if no further improvement in the loss function
or validation metrics is observed. We use the Adam optimizer during
pretraining and switch to AdamW during fine-tuning, with a weight
decay of 0.01. For small-scale datasets, the pretraining batch size is
set to the maximum number of cells among all patients; if balanced
sampling is enabled, the batch size is set to the sampling number
(i.e., the average number of cells). For large-scale datasets, the batch
size during VAE training can be appropriately increased depending
on GPU memory availability, with a default value of 4,096.

Cell Importance and Cell Hazard

At the cell level, the attention coefficients reflect which cells play
a critical role in risk estimation. Given the large number of cells, the
values of the attention coefficients tend to be small after SoftMax
normalization. Therefore, we define the importance of each cell based
on the following form of attention coefficients:

a ;= s1gm01d(ac)]),for]= Loty

a, = max (12, )
C g

in which @_; denotes the unnormalized attention coefficient of cell
c at the jth attention head. The sigmoid function rescales the raw
attention values to the range (0-1), providing an interpretable mea-
sure of each cell’s individual contribution to the model. Furthermore,
to evaluate the relative hazard score at the cell level, we first align each
cell’s feature with the patient-level representation

h = Concat(hcylﬂcyl, wob b, d, ),

in which b, represents the linearly projected feature of cell ¢ from
the jth attention head and 4, selectively preserves the parts of the
feature that make significant contributions to the model. Subse-
quently, the trained hazard scoring network is used to predict a rela-
tive hazard score for each cell as

= (i)

Although the scoring function s is trained at the patient level,
because of the enforced sparsity of the attention coefficients, the
aggregated patient feature is effectively close to the features of a few
key cells. As a result, the scoring function can still provide reasonable
hazard estimates at the cell level.

This cell-level hazard score, modulated by the attention weights,
effectively reflects the contribution-adjusted risk of each cell and is
therefore referred to as the adjusted hazard (abbreviated as hazard_adj).
Throughout this study, unless otherwise specified, all reported cell-
level hazard scores refer to these attention-adjusted values.

Model Prediction

When there is no significant batch effect within the training
dataset or between the training and testing datasets, we can ignore
the batch variables during model training and directly make reason-
able predictions on the test set. However, when substantial batch
effects are present, prediction performance may deteriorate notice-
ably. The feature extraction module in scSurvival does not require
clinical information from patients and can operate independently
from the multiple-instance module. Therefore, scSurvival supports

incorporating the test set into the feature extraction module
during training, allowing the model to learn cross-dataset repre-
sentations and enabling transfer learning, thereby improving pre-
diction performance.

Evaluation Metrics

At the patient level, we typically use the C-index (59) to evaluate the
model’s predictive performance, defined as

Z(w')ECI(S’ > S") + %z(i,i')ecl(sl = S{)
c]

C-index = ,

in which C ={(i,#")|i#i"e, =1,t, < t,} is the set of all comparable
patient pairs, s; denotes the risk score for patient i, ¢, is the survival
time for patient i, and I(-) is the indicator function.

When the test set contains a sufficiently large number of samples,
directly computing the C-index on the test set is appropriate. How-
ever, when the test sample size is small, forming enough comparable
pairs may be challenging.

This situation commonly arises during CV on small darasets.
Therefore, we adopt the following procedure to compute evaluation
metrics:

1. In each validation fold, predict the hazard scores for the test samples
while also computing the hazard scores for the training samples.

2. To eliminate prediction bias across folds, transform the test sam-
ple hazard scores into quantiles relative to the training set risk
score distribution.

3. Collect the quantile-transformed hazard scores across all valida-
tion folds and compute a unified C-index as the validation metric.

Note that all training steps, including the selection of most vari-
able genes, are performed exclusively within the training set of each
validation fold to avoid information leakage.

During training, we also introduce a variant of the C-index,
termed the conditional C-index (CC-index), to monitor early stop-
ping and improve generalization performance. The CC-index is
defined as

1
Z(,,/)gc'[(sz >s)+ Ez(x,x')ec'l(sf =)
] ’

CC-index(A) =

in which C’= C— Ax A excludes all comparable pairs formed
solely within set A. For evaluation, we merge the hazard scores from
the validation and training sets and compute the CC-index by set-
ting A as the training set. The CC-index evaluates not only the rank-
ing accuracy within the validation set but also the relative ranking
of validation samples within the combined dataset. As the CC-index
incorporates comparable pairs between the validation and training
sets, it remains applicable even for small validation sets. Note that the
CC-index is only used for model selection during training and is not
used for final performance reporting.

Additionally, we stratify patients based on the hazard score into
high-risk and low-risk groups and evaluate the model risk stratifica-
tion capability using Kaplan-Meier survival curves (60) and the log-
rank test (61).

At the cell level, we classify cells into three groups based on their
attention scores and hazard scores: inattentive, higher risk, and lower
risk. Specifically, we first cluster cells into two groups based on their
attention scores, labeling the low-attention group as inattentive.
Within the high-attention group, we further divide cells into high-
er-risk and lower-risk groups based on whether their hazard scores
are positive or negative. As ground-truth labels are available in the
simulated datasets, we evaluate the performance of cell classification
only on simulated data. We use confusion matrices, precision, recall,
and F1-scores (62) to assess the agreement between the predicted cell
group labels and the ground-truth labels.
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Basic Simulation Data Setup 2. Batch imbalance (Sim.2): To simulate risk signal imbalance across
batches, we generated two batches of single-cell data and downs-
ampled good.survival or bad.survival cells asymmetrically between
batches. The downsampling ratio controlled the degree of imbal-
ance, with extreme settings in which one risk cell type was present

To simulate a cohort of single-cell datasets with survival-driven
cell subpopulations, we first used Splatter (23) to generate a synthetic
single-cell expression dataset containing 10,000 cells and 5,000 genes.
The cells were simulated as belonging to three groups, with assign-
ment probabilities set to 0.7,0.15,and 0.15, respectively. The differen-
tial expression probabilities for the three groups were set to 0.2, 0.06,

in only a single batch. This setting tested the model’s ability to
handle risk feature shift across batches.

3. Patient outcome distribution (Sim.3): To simulate more real-
istic, noise-prone outcome distributions, we modeled patient
survival times using an accelerated failure time (AFT) frame-
work with a Weibull baseline distribution (63). The proportion
of risk-associated cells, denoted as s, was used as the primary

and 0.06, respectively. Among these, the two smaller groups were des-
ignated as cell subpopulations associated with good prognosis and
poor prognosis, respectively, whereas the largest group was treated as
background cells. Next, we generated a cohort of single-cell expres-
sion matrices along with corresponding survival times by sampling

from this synthetic dataset. To ensure that the simulated survival covariate. Specifically, the survival time T for each patient was

generated according to the following formula:

ool g o]

in which IQR(s) denotes the IQR of s across all patients, used to
normalize the effect scale across different settings; £ = In(TR), in
which TR is the time ratio, defined as the median survival time ratio

outcomes were driven by the designed cell subpopulations, we mod-
eled a dynamic progression: as survival time advances, the number of
cells associated with poor prognosis decreases, whereas the number

of cells associated with good prognosis increases; the number of back-
ground cells remains approximately constant throughout.

Suppose we simulate m samples with monotonically increasing
survival times. For the i-th sample, the corresponding single-cell

expression matrix is generated according to the following steps: between high- and low-risk patients, indicating the extent to which a

; covariate influences expected survival time; & is the scale parameter of
1. Set the sampling ratio r = p— Randomly sample a proportion r the survival distribution, fixed at 10; y is the shape parameter, set to

_ 1.5 to simulate higher risk in later stages of disease progression, such
as cancer; and U is a random variable sampled from Uniform(0.2,0.8)
to introduce stochasticity into survival times.

of cells from the good-prognosis group and a proportion 1 - r of
cells from the poor-prognosis group;

2. Mix the sampled cells with the background cells and then ran-
domly sample 1,000 cells from the combined pool to form the
single-cell expression matrix for sample i;

3. Assign the event status to 1 and the survival time to i for sample 7.

We tested three levels of effect size, corresponding to TR values of
1.3, 2, and 3, to reflect varying degrees of biological signal strength.
Additionally, we included a noiseless idealized setting (TR = inf), in
which U was fixed at 0.5 to yield deterministic survival times. Moreover,

As the probabilities of the two survival-driving cell groups are to simulate event censoring, we introduced random censoring under
initially balanced, their total cell numbers are approximately equal. three censoring probabilities: 0.2, 0.5, and 0.7. When censoring
Through the above sampling procedure, the total number of mixed occurred, the censoring time was uniformly sampled between 0 and
cells remains nearly constant for each sample, whereas the proportion the simulated survival time generated by the AFT-Weibull model.

of good-prognosis and poor-prognosis cells changes progressively, and

the proportion of background cells remains stable. In addition, for each 4. Cell composition heterogeneity (Sim.4): To evaluate the robustness

of scSurvival under complex cellular compositions, we simulated
more complex celltype compositions for each patient. Specifically,
the proportions of background cell types were randomly varied

sample, we simulated censoring with a probability of 0.1. If censoring
occurs, we set the event status to 0 and randomly advance the survival
time (i.e., the censoring time). Based on this process, we generated . ) ’ .
a cohort of 100 samples with associated single-cell expression matrices across patients to introduce heterogeneity and noise. The degree
and survival outcomes for evaluating the performance of scSurvival in

identifying survival-driving cells and predicting survival outcomes.

of cell composition heterogeneity was controlled by adjusting the
number of distinct background cell types, allowing us to assess
whether scSurvival could consistently identify true risk-associated
cells under varying levels of complexity.

S. Patient group heterogeneity (Sim.5): Beyond heterogeneity arising

To further validate the model’s ability to integrate single-cell
data across different batches, we also simulated patients originating
from different batches. Specifically, using Splatter, we simulated two
batches of data containing 6,000 and 4,000 cells, respectively, each
with 5,000 genes. Each batch contained three cell clusters corre-
sponding to good prognosis, poor prognosis, and irrelevant (back-

from cell composition, we also considered interpatient variability
in how individuals respond to the same biological signals. For
instance, elderly patients may exhibit stronger clinical responses
to the same level of risk signal compared with younger patients.
To simulate this group-wise covariate effect, we extended the
AFT-Weibull model to incorporate a binary grouping variable as

ground) groups. We then applied the same sampling strategy as above
to generate 50 samples from each batch, each with single-cell expres-
sion matrices, survival times, and censoring statuses.

1
Extended Simulation Setup T= exp[—( B 88) 1o (:)] : [a- (—an)?},
To comprehensively evaluate the robustness and generalizability
of scSurvival under various biological and technical conditions, we in which §e{0,1} indicates whether the patient belongs to a
designed six types of extended simulation scenarios (Sim.1-Sim.6) high-response group (e.g., elderly) and g represents the magnitude of
based on the basic settings. Each scenario introduced a specific per- effect shift between the two groups. We varied both the proportion
turbation mechanism, and multiple parameter settings were set per of patients assigned to the high-response group and the value of g to
scenario to simulate varying degrees of complexity and noise. systematically evaluate the ability of scSurvival to model patient-level

heterogeneity, and accordingly, this simulation scenario was analyzed

1. Risk cell percentage (Sim.1): We varied the proportions of good. using the covariate-aware mode of scSurvival.

survival and bad.survival cells in the single-cell reference dataset

used for patient sampling, thereby generating datasets with dif- 6. Risk subcluster heterogeneity (Sim.6). To highlight the advantage
ferent sizes of ground-truth risk cell populations. This setting was of scSurvival in performing survival analysis at true single-cell res-
used to assess the stability of scSurvival when identifying rare risk olution, we introduced a challenging simulation scenario in which
subpopulations. patient survival time originates only from a small subpopulation
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embedded within a larger cell cluster. We varied two key param-
eters: (i) the proportion of ground-truth risk-driving cells within
the larger cluster and (ii) the degree of separation between the risk
subpopulation and the rest of the cluster, achieved by adjusting
the log fold change of DEGs in Splatter (23). This setting was
designed to assess whether scSurvival can still effectively model
survival outcomes and accurately identify relevant subpopulations
even in cases in which conventional clustering algorithms might
fail because of the rarity or subtlety of the risk signal.

Finally, based on the simulation approach described in Sim.3, we
fixed the censoring rate at 0.3 and generated single-cell cohorts with
varying numbers of patients and cells per patient. This allowed us to
evaluate, under different effect sizes, how many patients are required
for scSurvival to reliably identify risk-driving cell subpopulations.

Besides, for benchmarking and visualization purposes, we selected
one representative setting from each simulation category, reflecting
moderately challenging but nonextreme scenarios (Fig. 2G):

e Sim.1: risk cell proportion = 3%;

e Sim.2: downsampling rate = 0.2;

e Sim.3: censoring rate = 0.7 and TR = 2;

e Sim.4: number of background clusters = 5;

e Sim.5: group effect g=3 and older group proportion = 0.5;
e Sim.6: subcluster proportion = 0.3 and separation = 0.35.

Benchmark Strategies

To systematically evaluate the performance of scSurvival, we
designed two complementary benchmarking strategies. The first
benchmarking strategy focused on identifying the ground-truth
risk-driving cell subpopulations in the simulated datasets. To isolate
the impact of feature extraction, we fixed the downstream multi-
instance Cox regression module and replaced only the upstream
feature encoder. Specifically, we compared the default (ZIG-VAE with
alternative feature representations, including PCA, NMF (imple-
mented via sklearn.decomposition.NMF; ref. 64), and top 2000 highly
variable genes (HVG2000) identified by Scanpy (RRID: SCR_018139;
ref. 50), which were used directly without further dimensionality
reduction. Note that all methods other than ZIG-VAE did not include
any explicit batch effect correction modules. The resulting cell-level
features were passed into the same multi-instance Cox model, in
which risk-relevant cells were identified by jointly analyzing attention
weights and estimated cell-level hazard scores. Model performance
was evaluated by comparing predicted risk cell groupings against the
known ground-truth labels using macro-averaged precision, recall,
and Fl-score under a three-class setting (good.survival, bad.survival,
and other).

The second benchmarking strategy aimed to evaluate patient-level
survival prediction. We constructed Cox regression models using
either cell type proportions or pseudo-bulk expression as input features,
serving as baseline methods for comparison with scSurvival. All models
were implemented using sksurv.linear_model.CoxnetSurvivalAnalysis
(65) and evaluated via nested CV, with a fivefold outer loop to assess
model performance and an inner loop for tuning the regularization
parameter (o). For the cell type proportion model, the input consisted
of the relative abundance of major cell types per patient. To approxi-
mate ridge regression and improve stability under feature collinearity,
the 11_ratio was set to 0.1 in simulation datasets and 1e—3 in real-world
data. Cell types in simulation were derived using the Leiden clustering
algorithm (66). For the pseudo-bulk model, the input was the average
gene expression profile per patient, and the 11_ratio was set to 1 (lasso
regression) to facilitate feature selection. In real-data analysis, we addi-
tionally constructed a univariate Cox model based on the CXCL9/SPP1
expression ratio, a widely used immune-related prognostic marker. All
models were evaluated by calculating the C-index on the outer CV loop
to assess risk prediction accuracy.

GSEA

Differential expression analysis between higher-hazard and
lower-hazard cells was carried out with significance thresholds of
[log, fold change| > 0.5 and adjusted P < 0.05. As previously described
(67), we conducted GO, KEGG, and rank-based GSEA using the
R package clusterProfiler (v4.7.1; RRID: SCR_013042). For bulk tran-
scriptomic data, we employed the single-sample GSEA method with
the R package GSVA. For scRNA-seq data, the AUCell algorithm was
employed to mitigate the impact of dropouts and inherent technical
variability. Gene sets used in this study, including Hallmark (v7.2),
GO (v7.2),and KEGG (v7.2), were retrieved from the Molecular Signa-
tures Database (v7.2; RRID: SCR_016863).

Kaplan-Meier Survival Curve Comparison

As previously described (9), we conducted ordinary survival anal-
yses to assess the clinical relevance of the scSurvival-derived gene
signatures. The resulting survival signature comprised the 100 most
upregulated and the 100 most downregulated DEGs from higher-
hazard versus lower-hazard cells. Signature scores were computed
using the Virtual Inference of Protein Activity by Enriched Regulon
analysis algorithm (68), which integrates both the upregulated and
downregulated scSurvival-derived gene sets. Based on the median
value of the signature scores, samples were dichotomized into high-
score and low-score groups. Kaplan-Meier survival curves were gen-
erated for these groups, and statistical significance was determined
using the log-rank test.

Public Dataset Collection and Processing

In this study, we curated four publicly available human scRNA-seq
datasets and one spatial transcriptomic dataset for both discov-
ery and validation (Supplementary Table S1). For the PRINA679099
scRNA-seq dataset, raw FASTQ files were downloaded from the NCBI
BioProject database. Raw gene expression matrices were generated
using CellRanger (v8.0.1; RRID: SCR_017344) with the refdata-gex-
GRCh38-2020-A reference genome, following the standard 10x
Genomics pipeline with default parameters unless otherwise speci-
fied. The expression matrices for the other datasets were downloaded
from their respective public repositories.

After importing raw counts, we removed low-quality cells (fewer
than 250 detected genes, fewer than 500 total transcripts, or more
than 20% mitochondrial reads). Seurat (v 5.1.0; RRID: SCR_016341)
was then applied to perform normalization, identification of variably
expressed genes, and PCA. A shared nearest-neighbor graph built
from the first 10 principal components was used to delineate commu-
nities. Finally, all cells were visualized in two dimensions with UMAP.

Human bulk transcriptomic datasets were obtained from the Gene
Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.
gov/geo/) and UCSC Xena database (https://xena.ucsc.edu/), and the
detailed information is summarized in Supplementary Table S1. For
the PRJEB23709 melanoma bulk RNA-seq dataset, raw FASTQ files
were downloaded from the NCBI BioProject database. As described
in the official documentation (69), raw gene expression matrices were
generated using the Salmon pipeline (v1.4.0; RRID: SCR_017036)
following the recommended preprocessing workflow (https://github.
com/COMBINE-lab/salmon). The expression matrices for the other
bulk transcriptomic datasets were downloaded from their respective
public repositories. For all bulk RNA-seq data, the transcript per mil-
lion value was calculated.

Main scRNA-Seq Dataset Descriptions

In the GSE120575 melanoma immunotherapy cohort, we analyzed
48 tumor samples from 32 patients, encompassing a total of 16,291
CD45* immune cells profiled using an optimized full-length Smart-
seq2 protocol. Cell type annotations were derived from the original
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study (24). Based on radiologic assessments of immunotherapy
response, the samples were classified into 17 responders and 31 non-
responders (24). In the present study, this dataset was used as both a
training set and discovery cohort for identifying survival-associated
immune cell subpopulations and constructing predictive transcriptional
signatures. The processed expression matrix was downloaded from GEO
(hteps://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE120575),
and only protein-coding genes were retained for all analyses per-
formed in this study. The detailed preprocessing steps are described
in the Methods section. Besides, we collected one spatial transcrip-
tomic dataset (28) and three bulk RNA-seq datasets, including
PRJEB23709 (36), GSE78220 (70), and phs000452.v3.p1 (71), to
further evaluate the robustness of the derived signature.

To assess the risk landscape of CD8* T cells in melanoma under ICB,
we analyzed scRNA-seq datasets from three patients with annotated
treatment outcomes. Two nonresponding metastatic melanoma
samples (K411 and K468) were obtained from GSE159252 (37).
Quality control followed the original publication’s parameters in
Seurat by excluding cells with fewer than three counts, fewer than
400 detected features, or more than 10% mitochondrial content.
CD8" T-cell subsets were extracted for downstream analysis, yielding
3,737 cells from K411 and 4,878 cells from K468. For the respond-
ing case, we accessed the processed expression matrix and cell type
annotations of sample GSE134388 (38) from the TISCH24 portal
(hteps://tisch.compbio.cn/home/) and similarly extracted the CD8*
T-cell subset. Hazard-adjusted values were projected onto UMAP for
visualization and compared across patients.

In addition, the PRINA679099 melanoma scRNA-seq dataset with
available survival information was used as an independent validation
cohort (39). The PRINA679099 dataset comprises scRNA-seq data
from 13 immunotherapy-naive patients with cutaneous melanoma.
In this study, researchers performed 10x Genomics scRNA-seq on
sorted immune cells from resected tumors and peripheral blood, pro-
filing tumor-infiltrating lymphocytes. In the present work, this data-
set was used as an independent validation cohort for evaluating the
performance of the prognostic model. Raw FASTQ files were down-
loaded from the NCBI BioProject database (PRINA679099), and
upstream processing was performed to generate expression matrices
(see “Methods” section for details).

Furthermore, we included the GSE221553 melanoma scRNA-
seq dataset (33) as an another independent validation cohort. This
dataset comprises longitudinal tumor samples from 13 patients with
metastatic melanoma treated with tumor-infiltrating lymphocyte
adoptive cell therapy. The study used CD45-sorted scRNA-seq to
interrogate the TME across treatment time points. In our analysis,
we downloaded raw count matrix from GEO, performed quality con-
trol, normalization, and cell type annotation, and then applied our
scSurvival pipeline to validate whether the molecular signatures,
hazard-associated cell populations, and pathway enrichments identi-
fied in our training melanoma dataset are recapitulated in this inde-
pendent scRNA-seq dataset.

The PRJCA007744 dataset comprises scRNA-seq data from 189
samples collected from 124 patients with liver cancer (40). This com-
prehensive dataset was generated using the 10x Genomics platform
and includes more than 1 million cells, encompassing various liver
cancer subtypes such as hepatocellular carcinoma, intrahepatic chol-
angiocarcinoma, and combined hepatocellular cholangiocarcinoma.
In the corresponding study, researchers performed scRNA-seq anal-
ysis to investigate the heterogeneity of the TIME in liver cancer (40).
In the present study, this dataset was used as both a training set and
discovery cohort for identifying survival-associated tumor cell sub-
populations and constructing predictive transcriptional signatures.
The processed raw count matrix was obtained directly from the
authors (40), and we removed single-cell data from three patients with-
out available survival information. Only protein-coding genes were
retained, and ribosomal genes (RPL and RPS) and mitochondrial

genes (MT-) were excluded. The detailed preprocessing steps are
described in the “Methods” section. Because of the lack of publicly
available scRNA-seq datasets with survival annotations, we addition-
ally collected eight bulk transcriptomic datasets as external valida-
tion cohorts (Supplementary Table S1), including GSE36411 (72),
GSE14520 (73), TCGA-LIHC (74), GSE76427 (73), GSE40873 (75),
and GSE116174 (76).

Data Availability

The public datasets analyzed in this study are described in the
“Methods” section, with corresponding accession numbers pro-
vided therein. For convenience, all accession numbers and dataset
details are also compiled in Supplementary Table S1. The open-
source scSurvival program and its tutorials are freely available at
GitHub (https://github.com/cliffren/scSurvival), Zenodo (https://doi.
0rg/10.5281/zenod0.15399777), and Code Ocean (https://codeocean.
com/capsule/7948185/tree/v1).
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