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SUMMARY

Immune checkpoint inhibitors (ICIs) have transformed cancer therapy, yet the basis of variable patient re

sponses remains unclear. We assemble a longitudinal single-cell RNA sequencing atlas of 441 samples 

from 241 patients across ten cancer entities to map treatment-associated remodeling of the tumor immune 

microenvironment (TIME). With a hierarchical reference-guided deep-phenotyping framework, we define 77 

immune and stromal subtypes and resolve four conserved TIME subtypes. Approximately 40% of tumors 

shift between states during therapy, and the transition is more predictive of outcome than the baseline state. 

Favorable transitions toward inflamed or B cell-enriched subtype track with improved response and survival, 

while persistence in or shifts toward myeloid dominance indicate resistance. We derive a 59-gene signature 

that predicted response and survival for 1,383 baseline tumors across 19 independent cohorts. These find

ings establish immunotype transitions as a central determinant of ICI efficacy, offering new avenues for 

response prediction and rational immunotherapy design.

INTRODUCTION

Immune checkpoint inhibitors (ICIs) have transformed cancer 

therapy by reinvigoration of anti-tumor immunity, achieving du

rable responses in patients with previously intractable malig

nancies.1–4 Thus, ICIs have become standard-of-care for many 

cancer types. Despite the successes, however, more than half 

of patients either fail to respond initially or develop acquired 

resistance. This notion has driven an intense search for bio

markers to improve response prediction and allow personalized 

therapeutic strategies to overcome resistance.

The tumor immune microenvironment (TIME) critically impacts 

the outcome of anti-tumor immune responses.5,6 Tumors are 

often described along a hot-to-cold spectrum that reflects the 

distribution and functional state of immune cells within and 

around the tumor. Hot tumors typically show cytotoxic T cells, 

interferon signaling, and antigen presentation features and 

tend to respond better.7 Cold tumors tend to be T cell deficient 

or T cell excluded and are often dominated by suppressive 

myeloid and regulatory programs that resist activation.8 These 

patterns have been observed with bulk expression, spatial as

says, and single-cell profiling and have anchored many current 

predictors,9–13 yet this framework implicitly treats the TIME as 

a fixed, pre-treatment attribute of the tumor. Checkpoint 

blockade, however, is not a passive test of immune readiness 

but a potent perturbation that can rewire the cellular composition 

and function. An overly simplistic assumption could obscure the 

fact that ICIs act as a profound intervention that actively re

shapes TIME by reactivating lymphocytes and altering myeloid 

populations. Early on-treatment molecular remodeling, including 

T cell reinvigoration, B cell activation, and clonal expansion, has 

been shown to correlate with clinical benefit.14–17 Recognizing 

the TIME as a dynamic system rather than a static trait reframes 

the question from whether a tumor is hot or cold to how its im

mune ecosystem evolves once therapy begins and whether 

those trajectories can predict outcome.18

Testing this hypothesis requires longitudinal sampling of tu

mors before and during therapy, enabling direct observation of 

TIME remodeling and its link to treatment efficacy. Analyses on 

consecutively sampled tumors have provided unprecedented in

sights into TIME dynamics in easy-to-biopsy cancers15,16,19; this 

approach has been expanded to include the neoadjuvant therapy 

setting, which allows for the collection of sequential tumor sam

ples.20–30 Nonetheless, investigating TIME dynamics has faced 

several challenges. For example, studies examining treatment- 

associated compositional shifts typically include 10–20 patients 

with paired samples, lacking sufficient statistical power to detect 

subtle but clinically relevant features. Comparing data across 

different studies is hampered by batch effects and methodology 

inconsistencies, such as cell annotation and compositional 
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analysis. Thus, although the TIME cell lineages and classifica

tions have been extensively explored,9,10,31–38 the full plot of 

TIME dynamics and the association with treatment efficacy 

remain poorly characterized. Overcoming these barriers to data 

integration will be crucial to unlocking the potential of pan-cancer 

meta-analyses to address these gaps.

Here, we address this gap by assembling large-scale longitu

dinal single-cell RNA sequencing (scRNA-seq) compendium of 

ICI-treated tumors to date, encompassing 441 samples from 

241 patients across 10 cancer types. To overcome the chal

lenges of cross-cohort integration, we developed a hierarchical, 

reference-guided, deep-phenotyping framework that enables 

consistent cell-type classification and compositional analysis 

across studies. This approach allowed us to define a compact 

and reproducible set of TIME states and to track transitions in 

paired pre- and on-treatment samples. We hypothesized that 

the direction of TIME remodeling during ICI therapy is associated 

with clinical outcome and that the baseline molecular programs 

determine each tumor’s propensity for favorable or unfavorable 

evolution. By mapping these dynamics across cancer types, 

we reveal conserved trajectories of immune remodeling that 

link early cellular plasticity to therapeutic efficacy. This work ex

tends prior studies by providing a unified, longitudinal framework 

to assess how TIME remodeling, beyond its baseline composi

tion, relates to immunotherapy response.

RESULTS

Pan-cancer atlas reveals landscape of TIME dynamics

To systematically investigate cellular remodeling under ICI ther

apy, we first generated scRNA-seq data from paired tumor bi

opsies of 17 cutaneous melanoma (SKCM) patients collected at 

treatment initiation (day 0) and 6–16 days after anti-PD-1 ± anti- 

CTLA-4 therapy initiation, capturing early treatment-associated 

changes (Table S1). We further assembled a pan-cancer atlas 

by integrating sequential scRNA-seq datasets from 15 indepen

dent studies encompassing 10 cancer types. A key feature of this 

atlas is the inclusion of consecutively sampled, site-matched tu

mors from ICI-treated patients, covering additional SKCM as well 

as a diverse range of malignancies: head and neck squamous cell 

carcinoma (HNSCC), non-small cell lung cancer (NSCLC), ER/ 

HER2/PR ± breast cancer (BRCA), triple-negative breast cancer 

(TNBC), hepatocellular carcinoma (HCC), colorectal cancer 

(CRC), prostate cancer (PC), and basal cell carcinoma (BCC) 

(Figures 1A–1C; Table S2). Importantly, these cohorts span a 

range of treatment durations, from within the first cycle through 

two cycles and up to four completed cycles, enabling a system

atic comparison of TIME dynamics along the treatment course 

(Figure S1A). After rigorous quality control, the atlas comprised 

1,483,740 TIME cells derived from 370 samples with complete 

profiling and 71 samples from CD45+ sorted cells.

We applied a hierarchical reference-guided deep-phenotyp

ing framework to assign cell identities at multiple resolutions. 

In the first step, each dataset was independently annotated 

with SingleR, supplemented by scGate filtering and Seurat clus

tering, to resolve ambiguous populations.39,40 These preliminary 

labels were then iteratively refined throughout the annotation: 

misclassified clusters were corrected based on marker expres

sion, and potential doublets were removed (STAR Methods). 

Finally, we performed cross-dataset integration within each ma

jor lineage to harmonize labels and ensure consistency across 

cohorts (STAR Methods; Figures 1B and S1B–S1D). Canonical 

marker gene expression confirmed accurate classification of 

11 distinct cell types across all datasets (Figures 1D and S1E).

To investigate treatment-associated changes in cell composi

tion, we performed a cross-cohort meta-analysis of baseline and 

on-treatment samples (STAR Methods). This analysis revealed a 

consistent enrichment of monocytes/macrophages (mono/ 

macro) paralleled by a distinct reduction in malignant cells 

upon ICI therapy (Figure 1E). These compositional trends were 

recurrent across studies and correlated with standardized binary 

response metrics (Figures S1F and S1G). To ensure these 

compositional trends were not confounded by the inherent con

straints of proportional data, we applied scCODA as an orthog

onal validation.41 The scCODA-derived posterior effects showed 

broad concordance with our Wilcoxon-based meta-analysis es

timates (r = 0.66, p = 0.006; Figure S1H), though NK cells and 

conventional dendritic cells (cDCs)—two sparse cell populations 

previously implicated in ICI response42—showed discordant di

rections between the two approaches, which warrant further 

investigation. Beyond these global patterns, cancer-type-spe

cific dynamics emerged. For instance, B cell infiltration 

increased in BCC, BRCA, and HNSCC, whereas plasma cells 

were mainly accumulated in baseline, particularly in NSCLC pa

tients receiving anti-PD1 therapy combined with chemotherapy 

(Figure S1I). Subgroup analyses further refined these observa

tions: in ER+ BRCA, a single cycle of anti-PD1 therapy increased 

myeloid cell infiltration, whereas in TNBC, it increased cycling 

T/NK cells and reduced mast cells (Figure S1J). When stratified 

by T cell expansion, patients with expansion displayed elevated 

plasmacytoid dendritic cells (pDCs) and B cells, while those 

without expansion had increased monocytes/macrophages 

and fewer CD8+ T cells; mast cell depletion was also observed 

in responders by Response Evaluation Criteria in Solid Tumors 

(RECIST; Figure S1K). In HNSCC, combination therapy showed 

a more uniform pattern, with the accumulation of B cells, plasma 

cells, and mast cells within two weeks, whereas after two cycles 

(approximately 3–4 weeks), there was a significant reduction in 

pDCs and cDCs (Figure S1L). Although these early composi

tional shifts were not significantly linked to T cell expansion or 

short-term clinical response, they indicate that ICIs induce wide

spread, multi-lineage remodeling of the tumor microenvironment 

(TME) extending well beyond T cell reactivation.

High-resolution immune cell mapping uncovers 

treatment- and response-linked TIME shifts

In the second step of our deep-phenotyping framework, we 

applied lineage-specific reference panels derived from curated 

pan-cancer single-cell atlases to resolve fine-grained immune 

and stromal subtypes within each lineage (STAR Methods; 

Figures S1B and 2A). This hierarchical approach allowed accurate 

discrimination of the overlapping populations such as T, NK, and 

myeloid subsets while controlling for technical and study-specific 

biases (Figure 2B). The annotation framework identified 62 im

mune and 15 non-immune cell subtypes (Table S3). The assign

ment was confirmed by both marker gene expression and func

tional enrichment analysis with curated signatures, consistent 

with prior studies (Figures S2A–S2L).33,37,43–46
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To characterize treatment-associated dynamics at subtype 

resolution, we performed paired Wilcoxon rank-sum test within 

each cohort followed by random-effects meta-analysis 

comparing baseline and treated samples (Figure 2C; Table S4). 

Several cell types showed recurrent enrichment across all time 

points, including follicular helper T cells (CD4_Tfh), GZMK+ cyto

toxic CD8+ T cells (CD8_Tex_GZMK), cycling germinal center B 

cells, and TREM2+ macrophages, while interferon-stimulated 

gene-expressing T cells (CD4_T-ISG and CD8_T-ISG) and peri

cytes were consistently decreased (Table S4). The overlay re

vealed that these recurrent changes had distinct temporal pro

files (Figure 2C; Table S4). CD4_Tfh enrichment peaked after a 

single cycle then attenuated, suggesting rapid early mobilization, 

and CD8_Tex_GZMK enrichment was similarly concentrated at 

early time points. In contrast, regulatory T cells (CD4_Treg) 

showed no significant change after one cycle but decreased 

substantially after extended treatment. Pericytes, myofibro

blasts, and desmoplastic cancer-associated fibroblasts (CAFs) 

showed significant depletion after two or more cycles, especially 

in CRC (Figure 2C; Table S4). Per-patient fold-change tracking 

across cancer types confirmed that CD4_Tfh enrichment and 

T-ISG decline were concordant across most tumor types, 

whereas other dynamics, notably ISG-expressing macrophages 

(Macro-ISG) and CD4_Treg, displayed heterogeneous, cancer- 

type-dependent trajectories (Figure 2D).

In response-stratified analysis, we observed that T-ISG and 

ISG-expressing B cell (B-ISG) depletion was shared at one cycle 

but intensified selectively in responders at later cycles, whereas 
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Figure 1. Construction and composition of the longitudinal single-cell atlas of ICI-treated tumors 

(A) Schematic overview of the study design and analytical workflow, illustrating the integration of longitudinal scRNA-seq datasets from multiple cancer types and 

mapping of tumor immune microenvironment (TIME) dynamics between pre- and on-treatment samples. 

(B) Uniform manifold approximation and projection (UMAP) of the integrated dataset, showing major immune and stromal lineages across all samples. 

(C) Summary of included studies and metadata, indicating cohort origin, cancer type, treatment regimen, sampling interval, and availability of paired and 

response information. Publicly available patients, n = 228; in-house SKCM patients, n = 17. 

(D) Validation of main cell type assignments, with canonical marker gene expression confirming accurate classification of eleven distinct cell lineages. 

(E) Meta-analysis of compositional shifts during ICI therapy, showing study-specific estimates (dot plot) and pooled effect sizes (forest plot) for each major cell 

type. In the dot plot, colors show effect size (rank-biserial correlation) of cell types for each cohort, and dot size reflects the confidence of each estimate (inverse of 

the standard error). The forest plot displays the pooled effect size estimated by a random-effects meta-analysis with restricted maximum likelihood (REML), with 

95% confidence intervals indicated by error bars. Statistical significance was assessed with unpaired two-sided Wilcoxon rank-sum test. Baseline n = 182; 

Treated n = 192. 

See also Figure S1 and Tables S1 and S2.
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Figure 2. Hierarchical annotation framework and pan-cancer immune landscape 

(A) Schematic overview of the two-level reference-guided deep-phenotyping workflow used for hierarchical cell annotation. 

(B) Uniform manifold approximation and projection (UMAP) visualization of fine-grained immune and stromal subtypes identified across the integrated pan- 

cancer atlas. 

(C) Meta-analysis of subtype compositional shifts during ICI therapy, showing study-specific estimates (dot plot) and pooled effect sizes (forest plot) for cell 

subtypes. In the dot plot, colors show the effect size (rank-biserial correlation) of cell types for each cohort, and dot size reflects the confidence of each estimate 

(inverse of the standard error). The forest plot displays the pooled effect size estimated by a random-effects meta-analysis with restricted maximum likelihood 

(REML), with 95% confidence intervals indicated by error bars. Statistical testing was performed with paired two-sided Wilcoxon signed-rank test. 

(D) Median fold changes for CD4_Tfh, T-ISG, Macro-ISG, and CD4_Treg across treatment time points. 

See also Figure S2 and Tables S3 and S4.
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Figure 3. Four distinct TIME subtypes define coordinated immune-stromal organization 

(A) Heatmap showing relative cell type abundance of four TIME subtypes, each enriched for distinct immune states. Colors indicate the relative contribution of 

each cell type; representative cellular modules for each subtype are shown on the right. 

(B) Dot plot showing functional pathways enriched for markers of the four TIME subtypes. Statistical significance was determined with a one-tailed Fisher’s exact 

test with Benjamini-Hochberg false discovery rate correction. 

(C) Spatial feature plots showing colocalization of representative cell types for TIME subtypes of NSCLC samples, with the color indicating scaled marker gene 

expression and estimated cellular abundance and the 650 μm scale bars at the bottom right of each H&E slide and colors indicating normalized expression and 

estimated subtype abundance (percentage). 

(D) Boxplots comparing the abundance of broad cell lineages across TIME subtypes. Boxes show the median (central line), the 25%–75% interquartile range 

(IQR) (box limits), and the ±1.5 IQR (whiskers). Statistical testing by unpaired two-sided Wilcoxon rank-sum test (p < 0.05; *p < 0.01; **p < 0.001; and ***p < 0.0001). 

TIME-Q n = 71, TIME-I n = 84, TIME-B n = 93, and TIME-Mye n = 59. 

(E) Ternary plots showing the distribution of TIME components. The proportions were scaled for visualization. 

(legend continued on next page) 
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Macro-ISG increased early and exclusively in responders, indi

cating that lymphoid and myeloid activations are distinct 

response-linked processes (Table S4). This finding extends the 

response-specific interferon signaling kinetics observed in 

T cells in a preclinical mouse model.47 Among other immune 

subtypes, immunosuppressive macrophages (Macro_C1QC 

and Macro_TREM2) tended to expand preferentially in non-re

sponders, while germinal center B cells increased selectively in 

responders; at later cycles, CD4_Tfh and CD8_Tex_GZMK accu

mulation persisted in non-responders but attenuated in re

sponders. Among non-immune subtypes, non-responders 

showed early expansion of CAF subsets (CAF_SFRP2 and 

CAF-prog) and endothelial populations (capillary and lymphatic 

endothelial cells) after a single cycle, whereas responders ex

hibited pericyte depletion that intensified with extended treat

ment (Table S4).

Together, these observations delineate the temporal architec

ture of ICI-associated TIME remodeling: a shared early program 

of T cell activation and ISG resolution, progressive stromal re

structuring, and cancer-type-dependent variation in individual 

subtype dynamics, with response-stratified analysis revealing 

a potential link between treatment response and TIME composi

tional dynamics.

Four distinct TIME subtypes capture coordinated 

cellular organization

Individual immune-subtype changes typically represented only 

small fractions of total immune infiltration, making global inter

pretation difficult. To identify coordinated cellular programs 

that shape the TIME, we applied non-negative matrix factoriza

tion (NMF) to the immune-cell composition profiles from 418 

samples, reserving our own melanoma cohort for independent 

validation (STAR Methods). NMF rank survey metrics and 

consensus heatmaps identified four as the optimal number of 

programs (Figures S3A and S3B), which captured major axes 

of TIME heterogeneity. Each tumor was assigned to a subtype 

based on its NMF membership scores (Table S5), with clear sep

aration demonstrated by the distinct loading patterns of im

mune-cell subtypes across the programs (Figure 3A). Because 

all tumors from the HCC_Guo cohort were mapped to a single 

subtype, they were excluded from downstream analyses to 

avoid study-specific bias. NMF classifications showed no signif

icant difference between CD45+-sorted and entire TME samples 

in HNSCC (with sufficient number of samples), indicating robust

ness to the sample processing protocol (p = 0.395, Fisher’s 

exact test; Table S5).

TIME-I (immune-inflamed) tumors exhibit high infiltration of 

both adaptive immune cells, including interferon-responsive 

and CXCL13+ T cells, B cells, and plasma cells, alongside inflam

matory macrophages (Figure 3A). Functional enrichment 

confirmed activation of immune-effector and interferon path

ways (Figure 3B), although concurrent accumulation of ex

hausted T cells and regulatory DCs suggested a mixed state 

characterized by both immune engagement and regulatory sup

pression mechanisms.48,49 TIME-B (B cell-enriched) tumors are 

characterized by abundant activated and atypical memory B 

cells and plasma cells, accompanied by CD4+ central memory 

T cells, stressed T cells, and type 17 T cells (Th17 and 

mucosal-associated invariant T [MAIT]), reflecting active humor

al immunity and potential tertiary lymphoid structure (TLS) for

mation (Figures 3B and S3C). TIME-Mye (myeloid-enriched) tu

mors are dominated by various myeloid cell populations, 

including macrophages, monocytes, and DCs, indicative of an 

immunosuppressive, myeloid-rich environment. TIME-Q (im

mune quiescent) tumors are defined by early-stage T and B cells 

and non-exhausted cytotoxic T cells. Additionally, we mapped 

the fine-grained cell types of each TIME subtype on matched 

Visium spatial transcriptomic samples to evaluate the spatial dis

tribution pattern (Figure 3C). Notably, in TIME-Q tumors, feature 

cell types were primarily localized to stromal areas along tumor 

boundaries, resembling the immune-excluded phenotype previ

ously described in liver cancer (Figure 3C).50

Beyond immune composition, the TIME subtypes reflected 

broader microenvironmental organization. TIME-Q and TIME- 

Mye displayed higher stromovascular content than TIME-B 

and TIME-I (Figures 3D and 3E). Inflammatory and antigen-pre

senting CAF populations were selectively enriched in TIME-B tu

mors (Figure S3D), supporting the concept of coordinated pro- 

inflammation immune-stromal interactions within this subtype. 

Curated TME signature analysis further validated these func

tional distinctions: TIME-I showed the highest scores for cyto

toxicity, co-activation molecules, checkpoint molecules, and 

interferon response, whereas TIME-B demonstrated elevated 

Th17 and B/plasma cell signatures (Figures S3E and S3F; 

Table S6). Cell-cell communication analysis suggested that the 

interactions among T cells and NK cells in TIME-Q were substan

tially lower than those in TIME-I and TIME-B (Figure S3G). To 

assess the robustness of our classification, we scaled the rela

tive proportions of our melanoma validation cohort and recov

ered the NMF weight for sample assignment (Figure S3H; 

Table S5). We further extended this validation by processing 

and annotating a large, independent NSCLC cohort (Figure S3I; 

Table S5). Visium spatial transcriptomic data of matched sam

ples from our melanoma cohort revealed consistent cellular co

localization (Figure S3J). Collectively, these findings confirm the 

generalizability of our pan-cancer TIME classification.

To relate our TIME subtypes to the previously established TME 

frameworks, we projected them onto The Cancer Genome Atlas 

(TCGA) pan-cancer bulk RNA-seq data (STAR Methods; 

Figure 3F; Table S7) and compared our subtypes with the 

conserved subtypes (Figure S4A), pan-cancer immune subtypes 

(Figure S4B), and carcinoma ecotypes (CEs) (Figure S4C).9,10,38

The comparison revealed both shared features and key distinc

tions among systems. TIME-I overlapped most strongly with the 

‘‘immune-enriched,’’ ‘‘IFN-γ-dominant subtype,’’ and CE9, re

flecting its high immune lymphocyte infiltration and interferon 

signaling. TIME-B showed partial similarity to the ‘‘immune-en

riched’’ and proinflammatory CE10 clusters, consistent with its 

(F) Heatmap of TCGA tumors classified into four distinct TIME subtypes, with colors indicating scaled gene set activities. 

(G and H) Kaplan-Meier curves showing overall survival (OS) and progression-free survival (PFS) in TCGA pan-cancer bulk RNA-seq data. Statistical significance 

was assessed with log rank test. 

See also Figures S3 and S4 and Tables S5–S7.
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activated B cell and plasma cell composition. TIME-Q and TIME- 

Mye aligned more closely with stromal-enriched and lympho

cyte-depleted subtypes such as ‘‘fibrotic/depleted’’ and CE6. 

TIME-Mye also mapped to ‘‘wound healing,’’ ‘‘lymphocyte-defi

cient,’’ and the survival-inferior CE1–CE4 ecotypes, indicating 

that it captures features from both lymphocyte-desert and 

myeloid-suppressive microenvironments associated with poor 

prognosis. Consistent with these biological patterns, TIME-I 

and TIME-B tumors exhibited the highest tumor mutational 

burden (TMB), T cell receptor (TCR) richness, and tumor purity 

(Figure S4D), supporting their classification as immunologically 

active subtypes.51 Projecting the single-cell-derived classifica

tion onto TCGA bulk transcriptomes also confirmed prognostic 

relevance: across cancer types, TIME-B showed significantly 

longer overall and progression-free survival, whereas TIME- 

Mye was consistently associated with the worst outcomes 

(Figures 3G and 3H).

To test whether baseline immunotypes also predict outcomes 

under checkpoint blockade, we transferred the classification to a 

pan-cancer compendium of 1,988 pre-treatment RNA-seq sam

ples from ICI-treated patients (Table S7).52 Each sample was as

signed with a TIME label (Figure S4E). Baseline response rates 

were higher for TIME-I (36.9%) and TIME-B (31.1%) than for 

TIME-Q (22.3%) and TIME-Mye (26.0%) (p = 0.04; Figure S4F). 

In these smaller ICI cohorts, the pre-treatment immunotypes 

did not significantly separate overall or progression-free survival 

in the ICI cohorts (Figures S4G and S4H). This divergence indi

cates that while the subtypes capture intrinsic tumor immunobi

ology and long-term prognosis, a static baseline label is insuffi

cient once therapy perturbs the microenvironment. These 

results motivate the shift to longitudinal TIME dynamics as the 

relevant signal for immunotherapy sensitivity and resistance.

TIME transitions were associated with treatment 

efficacy

Longitudinal pairing of biopsies across our pan-cancer atlas 

enabled a systematic analysis of TIME remodeling during ICI 

therapy. Among 187 tumors, 57.8% (N = 108) maintained their 

baseline subtype through treatment, significantly more than 

expected by random chance (p < 0.0001, exact binomial 

test; Figure 4A), while the remaining 42.2% (n = 79) underwent 

subtype transitions. These transition rates were consistent 

across treatment cycle groups (p = 0.437, Fisher’s exact 

test) and across cancer types (HNSCC p = 0.651; TNBC p = 

0.748; CRC p = 1; Fisher’s exact test) (Figure 4B), suggesting 

treatment-associated TIME reprogramming independent of 

sampling interval variability.

Treatment outcome was closely tied to these subtype tra

jectories. Non-responders were enriched for treated TIME- 

Mye tumors (p = 0.002, chi-squared test; Figure 4C), which 

upregulated immunosuppressive programs, such as M2-like 

macrophages, phagocytosis inhibition, and matrix remodeling 

(Figure 4D). This pattern suggests acquisition of a myeloid- 

dominant, therapy-resistant phenotype. In contrast, re

sponders whose tumors transitioned toward the TIME-I sub

type demonstrated a coordinated upregulation of anti-tumor 

pathways, including enhanced TIME-I signature, checkpoint 

molecule expression, M1-like macrophage activity, and TLS 

formation (Figure 4E).

Transition direction differed by outcome. For instance, among 

patients with baseline TIME-I tumors, responders were signifi

cantly more likely to transition toward the TIME-B or TIME-Q 

subtypes, whereas non-responders showed higher rates of 

transitions toward the response-unfavorable TIME-Mye subtype 

(p = 0.004, Fisher’s exact test; Figure 4F). Within TIME-Q tumors, 

responders exhibited significantly higher B cell infiltration than 

non-responders (Figure S4I), suggesting that B cell enrichment 

is a shared feature of response-associated TIME remodeling.53

We also found that favorable trajectories varied by cancer 

type: responders with SKCM and HNSCC preferentially 

switched to TIME-Q, whereas responsive TNBC tumors were 

more likely to transition to TIME-B (Figure S4J).

Given that subtype transitions were directly correlated with 

treatment outcome, we posit that TIME dynamics provide a 

more informative representation of treatment efficacy. We clas

sified the observed transitions based on clinical outcomes 

into response-favorable and response-unfavorable categories 

(Figure 4F). The response-favorable category includes the tran

sitions: TIME-B/I→TIME-B and TIME-Q/Mye→TIME-I (STAR 

Methods). The response-unfavorable category includes the tran

sitions: maintenance of TIME-Q, TIME-Mye, or TIME-I states, 

TIME-Q→TIME-Mye, and TIME-B→TIME-Q (STAR Methods). 

By definition, patients in the response-favorable group exhibited 

higher objective response rates than those in the response-unfa

vorable group (p < 0.001, chi-squared test, Figure 4G). Across 

treatment cycle groups, we observed directional consistency 

in several cancer types (e.g., 57.1% vs. 40.0% in CRC across 

1–4 cycles; Figure S4K). TNBC exhibited the strongest discrim

ination among individual cancer types. To confirm that the 

early-cycle association is not driven by TNBC alone, we per

formed a meta-analysis excluding TNBC, which still maintained 

a homogeneous and significant association during the early 

treatment cycle (pooled odds ratio [OR] = 4.08, p = 0.022, I2 = 

0%; Figure S4L). However, sample sizes at two and more cycles 

were insufficient to reach individual significance; post-hoc mini

mum detectable effect (MDE) analysis confirmed that the late- 

cycle cohorts are statistically underpowered to detect the 

early-cycle effect (HNSCC: 80% power not achievable with 

only 19 patients; CRC: MDE OR = 49 vs. early-cycle OR = 

5.78). Whether the association is maintained, attenuated, or 

time point dependent at later cycles remains an open question 

for future studies with larger multi-time-point cohorts. Despite 

B cell enrichment being a shared feature of favorable transitions, 

the transition classification provided more consistent response 

discrimination than B cell abundance or treated TIME-B status 

across cancer types (pooled chi-square p < 0.001 vs. p = 

0.041 and p = 0.034, respectively; cancer-type-adjusted OR = 

4.43 vs. 2.31 and 2.30; Figure S4M; Table S8). Adding transition 

status to a cancer-type-adjusted B cell-only model significantly 

improved prediction (p = 0.00059, likelihood ratio test), whereas 

the reverse did not (p = 0.152; Figure S4N), confirming that the 

transition framework captures response-relevant information 

beyond B cell abundance alone.

To evaluate the reproducibility of these transition patterns in 

independent datasets, we next applied the classification to 

bulk RNA-seq cohorts with paired biopsies from 139 ICI-treated 

patients across multiple cancer types. Using the transition defi

nitions derived from the single-cell atlas, we computed response 
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probabilities for each transition pattern in the bulk data. These 

probabilities showed strong concordance between the single- 

cell and bulk cohorts (r = 0.72, p = 0.03, Spearman’s correlation 

test; Figure 4H), confirming that the response-associated dy

namics captured by our classification are robust across data 

modalities. Similarly, patients undergoing response-favorable 

transitions displayed a higher likelihood of clinical response 

than those with response-unfavorable transitions (p = 0.0415, 

chi-squared test; Figure 4I). Furthermore, melanoma patients 

with response-favorable transitions tended to have better overall 

survival than those with response-unfavorable ones (hazard ratio 

[HR] = 2.24, 95% confidence interval [CI] = 0.98–5.15, two-sided 

Cox p = 0.056; Figure 4J).

Together, these results demonstrated that TIME transitions 

detected from paired samples are associated with treatment 

efficacy and clinical outcome. Monitoring such dynamic 

remodeling provides a potential surrogate for therapeutic 

response.
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Figure 4. TIME transitions during ICI therapy reflect and predict treatment efficacy 

(A) Alluvial diagram showing TIME subtype transitions between the baseline and post-treatment biopsies in ICI-treated tumors. 

(B) Bar plot summarizing the proportion of tumors undergoing subtype transitions across different treatment durations; statistical significance was tested with 

Fisher’s exact test. 

(C) Distribution of responders and non-responders among baseline and post-treatment TIME subtypes; statistical significance was tested with Fisher’s 

exact test. 

(D) Boxplots comparing immune-suppression-related signatures (M2-like macrophages, phagocytosis inhibition, and matrix remodeling) between the baseline 

and post-treatment samples in tumors that transitioned toward the TIME-Mye subtype (n = 19). Statistical testing by paired two-sided Wilcoxon signed-rank test. 

Boxes show the median (central line), the 25%–75% interquartile range (IQR) (box limits), and the ±1.5 times IQR (whiskers). 

(E) Boxplots showing the activation of anti-tumor programs (TIME-I signature, checkpoint-molecule expression, M1-like macrophage polarization, and TLS 

formation) in tumors transitioning toward the TIME-I subtype, stratified by standardized response (R group n = 12; NR n = 6). Paired two-sided Wilcoxon signed- 

rank test. Boxes show the median (central line), the 25%–75% IQR (box limits), and the ±1.5 times IQR (whiskers). 

(F) Heatmap displaying the frequency of subtype transitions in responders and non-responders. 

(G) Bar plot comparing response rates between the response-favorable and response-unfavorable transition groups defined in the single-cell cohort. Statistical 

testing was performed with chi-squared test. 

(H) Scatterplot showing the correlation of transition-specific response probabilities between single-cell and bulk RNA-seq paired datasets; Spearman’s cor

relation. 

(I) Bar plot comparing response rates between the response-favorable and response-unfavorable transitions in paired bulk RNA-seq data. Statistical testing was 

performed with chi-squared test. 

(J) Kaplan-Meier curves showing overall survival for the response-favorable and response-unfavorable transition groups in the melanoma bulk cohort (two-sided 

log rank test). 

*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. 

See also Figure S4 and Table S8.
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Response-associated baseline features predict ICI 

response

Given the close association between TIME transitions and treat

ment efficacy, we hypothesized that baseline TIME gene expres

sion encodes the intrinsic capacity for favorable or unfavorable 

transition upon ICI therapy. We focused on TIME-I and TIME- 

Mye tumors, the two baseline subtypes with the strongest asso

ciation between transition direction and treatment response. For 

TIME-I, we compared tumors that transitioned toward TIME-B or 

TIME-Q (favorable) against those shifting toward TIME-Mye (un

favorable, p = 0.004, Fisher’s exact test). For TIME-Mye, we 

compared tumors that transitioned to other subtypes (favorable) 

against those that remained myeloid enriched (unfavorable, p = 

0.078, Fisher’s exact test). Using iterative random forest training 
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Figure 5. Transition-derived baseline features predict clinical outcome 

(A) Heatmap of the genes distinguishing baseline TIME-I and TIME-Mye tumors that transitioned toward TIME-B/Q versus TIME-Mye subtypes during treatment. 

(B) Dot plot showing enriched pathways for response-associated transition signature. Statistical significance was determined with a one-tailed Fisher’s exact test 

with Benjamini-Hochberg false discovery rate correction. 

(C) Bar plot showing Spearman’s correlation coefficients between the transition scores and immune-cell subtype abundance in baseline tumors. 

(D) Boxplots comparing the transition scores between responders (n = 81) and non-responders (n = 83) among baseline tumors. Statistical significance was 

tested with a two-tailed unpaired two-sided Wilcoxon rank-sum test. Boxes show the median (central line), the 25%–75% interquartile range (IQR) (box limits), 

and the ±1.5 times IQR (whiskers). 

(E) The forest plot showing the odds ratios (ORs) for individual cohorts alongside the pooled estimate. The pooled OR was derived from a logistic regression model 

adjusted for cohort as a covariate. Horizontal error bars indicate 95% confidence intervals, and statistical significance was assessed with the Wald test. 

(F and G) Kaplan-Meier analysis of overall survival and progression-free survival stratified by the transition score. Patients were classified into high (Q4, top 

quartile) and low (Q1, bottom quartile) groups based on within-cohort Z-scored transition signature scores. p values were derived from two-sided log rank test. 

(H) Bar plot showing the area under the receiver operating characteristic curve (AUROC) of the transition score, established predictive gene signatures, and 

immune abundance estimated by xCell 2.0 with 10-fold cross-validation in logistic regression. Error bars represent 95% bootstrap confidence intervals (1,000 

iterations). 

See also Figure S5 and Table S9.
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on the highly variable genes, we identified 25 discriminative 

genes from baseline TIME-I tumors and 34 genes from the base

line TIME-Mye tumors (Figures 5A, S5A, and S5B; Table S9).

These two transition patterns uncovered distinct remodeling 

potential. TIME-I-derived genes defined a ‘‘primed’’ baseline 

state of cytotoxic effectors (PRF1 and GZMH), and checkpoint 

receptors (LAG3) were upregulated in tumors destined for 

favorable transitions. TIME-Mye-derived genes instead 

captured a chemokine and lymphocyte-recruitment program 

centered on CXCL9, CXCL13, BATF, and IKZF3, reflecting 

preserved capacity for lymphocyte infiltration and TLS forma

tion within an otherwise myeloid-dominated ecotype; unfavor

able TIME-Mye tumors were marked by ribosomal protein 

genes and myeloid immunomodulators (CST3, LGALS2, and 

CLU). Pathway enrichment confirmed this dichotomy: favor

able genes were enriched for allograft rejection, cytolytic 

granule, and interferon α response programs, while unfavor

able genes were enriched for ribosomal biogenesis and 

MYC targets, a metabolic activation associated with immuno

suppressive (M2) macrophage polarization (Figure 5B). Corre

lation of the transition score with cell type composition across 

all baseline tumors revealed positive associations with 

CXCL13+ T cells and inflammatory CAFs and negative associ

ations with pro-tumor myofibroblasts and immunosuppressive 

myeloid cells (Figure 5C).

We then combined the two non-overlapping gene sets into 

a unified 59-gene transition signature (37 up-in-favorable, 22 

up-in-unfavorable) and calculated a directional enrichment 

score to quantify the likelihood of favorable transition for 

each tumor. In scRNA-seq data, responders had significantly 

higher transition scores than non-responders (p < 0.001, 

Figure 5D). To validate the transition score as a clinically appli

cable biomarker, we scored 1,383 baseline samples from 19 

independent bulk RNA-seq cohorts of ICI-treated patients 

spanning multiple cancer types. Adjusted by cohorts, higher 

transition scores were significantly associated with greater 

response probability (OR = 1.53, 95% CI: 1.35–1.74, 

p < 0.001; Figure 5E). The directional consistency (16/19) of 

the signature across heterogeneous cohorts from multiple 

cancer types suggests its pan-cancer validity; individual- 

cohort significance (p < 0.05) was reached in five cohorts, 

as expected, given the typical sample sizes of ICI trials. We 

observed that the transition score did not achieve significance 

in any of the renal cell carcinoma cohorts, potentially due to its 

modest TMB and highly dysfunctional immune profile featured 

by terminally exhausted T cells and suppressive myeloid 

cells.54,55 The score also predicted progression-free survival 

(HR = 0.86, 95% CI: 0.79–0.94, p < 0.001; 9 cohorts, n = 

657) and overall survival (HR = 0.90, 95% CI: 0.84–0.97, p = 

0.008; 14 cohorts, n = 1,204; Figures 5F, 5G, S5C, and 

S5D). Benchmarking against seven established immuno

therapy-response signatures and cell type abundance scores 

derived from xCell2 estimation, the transition score achieved 

comparable performance under cohort-adjusted 10-fold 

cross-validated logistic regression (area under the receiver 

operating characteristic curve [AUROC] = 0.681, 95% CI: 

0.650–0.711; Figure 5H).52 Notably, the transition score ex

hibited low correlations with all benchmarked signature 

scores (r = 0.56–0.72), in contrast to the high intercorrelation 

among existing predictors (r = 0.70–0.96, Figure S5E). This 

is consistent with the minimal gene overlap between the tran

sition signature and other signatures (Figure S5F).

Collectively, the 59-gene transition signature, derived from the 

two transition patterns most strongly linked to response in sin

gle-cell data, predicts treatment response and survival across 

cancer types, capturing non-redundant features relative to exist

ing signatures and providing a scalable measurement of the 

baseline TIME capacity for favorable transition under checkpoint 

blockade.

DISCUSSION

Studies following patients with sequential biopsies have been 

invaluable for revealing the contours of TIME remodeling in can

cers such as melanoma, lung, head and neck, breast, liver, and 

colorectal cancers.15,20–23,25–28,30,56,57 Yet, these prior ana

lyses have been constrained by sample size. Cohorts of 10– 

20 paired cases are large for a single-cell study, but they are 

not powered to resolve modest, clinically relevant effects. The 

large scale of our pan-cancer atlas, combined with unified 

cell-type annotation and validation in bulk RNA cohorts, al

lowed us to identify key TIME subtype transitions associated 

with treatment efficacy that is more informative than static 

baseline immunotypes. Furthermore, the transition-derived 

signature could capture remodeling propensity for patient 

stratification.

Our reference-guided deep-phenotyping framework aligned 

cell types with comprehensive pan-cancer reference data 

across studies and achieved high-resolution annotations while 

circumventing the over-reliance on integration pipelines that 

lack consensus benchmarks and reproducibility.58–61 Across 

studies, we identified recurrent treatment-associated shifts, 

including enrichment of CD4_Tfh, TREM2+ macrophages, and 

inflammatory cancer-associated fibroblasts, together with the 

depletion of interferon-responsive T cells. Subgroup analyses 

by treatment duration and clinical response revealed distinct 

temporal dynamics—early lymphocyte mobilization followed by 

progressive stromal restructuring and response-dependent 

divergence of interferon signaling. Our atlas, therefore, offers a 

panoramic view of individual cell-type dynamics during ICI 

therapy.

On the basis of compositional data, we identified four repro

ducible TIME subtypes that capture coordinated cellular pro

grams. Importantly, each subtype captures coordinated multi- 

lineage programs beyond single-lineage dominance. Projection 

onto TCGA data showed that these subtypes are consistent 

with established classifications but are not redundant to 

them.9,10,38 The distinct TIME-B from immune-enriched sub

types exhibited superior prognostic stratification on TCGA pri

mary tumors. In contrast, in a large compendium of pre-treat

ment biopsies from ICI-treated patients, we found that this 

baseline classification alone was not directly associated with 

clinical outcome. Previously, Bagaev et al. reported TIME sub

type dynamics on bulk RNA-seq data in melanoma.9 In our 

pan-cancer scRNA-seq atlas, we confirmed that a substantial 

proportion of tumors underwent TIME subtype transitions during 

the treatment. While the shift rate was constant over time, the 

specific transitions showed an association with clinical 
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response. Specifically, a shift toward a myeloid-dominant immu

nosuppressive state correlated with poorer outcomes, while a 

shift toward a B cell-enriched, immune-activating state was 

associated with improved response across single-cell and bulk 

datasets. These patterns place B cell and myeloid dynamics 

within the broader context of TIME state transitions, reinforcing 

the interplay between lineage-specific remodeling and coordi

nated TIME dynamics during therapy.62,63 We demonstrate 

that TIME subtype transition could serve as a valuable surrogate 

biomarker that complements other emerging monitoring strate

gies, such as circulating T cells and tumor DNA.64,65

Combining baseline features from the two most response- 

associated transition groups, our 59-gene transition signature 

is found predictive of treatment efficacy. The two constituent 

gene sets share no overlapping genes and capture comple

mentary biology—cytotoxic and checkpoint programs from in

flamed tumors, and chemokine and lymphocyte-recruitment 

programs from myeloid-enriched tumors. The unified signature 

predicted clinical outcome across most cohorts and achieved 

comparable performance in response prediction. Notably, ex

isting ICI response signatures are predominantly derived from 

T cell activity and are, therefore, highly intercorrelated. By 

contrast, the transition signature showed minimal gene overlap 

and substantially lower score correlations with these predic

tors, indicating that it reflects an alternative biological axis 

beyond T cell-centric immune activation—the intrinsic capacity 

for microenvironment remodeling. The signature adds a new 

dimension to understanding the baseline immune profiles, 

complementing conventional biomarkers such as PD-L1 

expression and TMB.66,67 The specific mechanisms by which 

these baseline molecular features impact transition warrant 

further investigation.

The transition-response association is directionally consistent 

across every cancer type with paired biopsies in our single-cell 

atlas, at every sampling interval examined, and across 16 of 19 

independent bulk RNA-seq cohorts, establishing it as a pan-can

cer property of ICI response. The magnitude of the transition- 

response association varies across indications, as expected, 

given heterogeneities in cancer biology, sampling protocols, 

and treatment regimens. Per-indication calibration, including 

threshold selection and, where appropriate, indication-specific 

signatures, are required for clinical decision-making, as it is for 

every existing ICI response biomarker. The TIME framework pro

vides the underlying organizing principle: a pan-cancer charac

terization of response-associated remodeling that unifies can

cer-type-specific trajectories into a shared, cross-lineage TIME 

dynamic.

In summary, the field has reached a point where cellular diver

sity and tissue subtypes are well cataloged; the path to clinical 

impact requires larger, harmonized, longitudinal resources, and 

analytical strategies designed for reproducibility and statistical 

power. Our study provides one such framework and demon

strates the capacity of TIME remodeling to generate reliable, 

treatment-guiding insights.

Limitations of the study

Several limitations merit attention. As an early investigation to 

systematically leverage longitudinal scRNA-seq data for pan- 

cancer analysis of treatment-associated TIME dynamics, this 

work necessarily contends with constraints inherent to the 

available data. Despite harmonization, residual batch and 

sampling biases are possible, including differences in cancer 

type, biopsy timing, lesion site, prior lines, and concurrent 

therapies. Moreover, our reference-guided annotation frame

work prioritizes cross-cancer consistency and may, therefore, 

underrepresent rare or tissue-resident immune populations 

whose roles in ICI response are cancer type specific. 

Response criteria and survival endpoints were not uniform 

across cohorts, and subgroup analysis of cancer-type-spe

cific dynamics was still limited by sample size. Consequently, 

while the transition-response association was directionally 

consistent across cancer types and treatment cycles, whether 

the transition-response association is genuinely attenuated at 

later treatment cycles or simply underpowered in the available 

late-cycle cohorts cannot be resolved with the current data. 

Furthermore, the absence of untreated longitudinal controls 

means that the observed changes are treatment associated, 

rather than definitively treatment induced; to our knowledge, 

no such datasets exist due to ethical constraints on with

holding therapy during serial biopsies. Spatial data remain 

limited, further constraining mechanistic interpretation. 

Although validation across single-cell and bulk modalities in

creases confidence, prospective studies that embed remodel

ing patterns and decision thresholds are necessary to test 

clinical utility. Addressing the limitations above requires larger 

multi-time-point cohorts.
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60. Luecken, M.D., Büttner, M., Chaichoompu, K., Danese, A., Interlandi, M., 

Mueller, M.F., Strobl, D.C., Zappia, L., Dugas, M., Colomé-Tatché, M., and 
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STAR★METHODS

KEY RESOURCES TABLE

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Study participant details

Patients with advanced melanoma who were to receive immunotherapy with anti-PD-1 antibodies alone or in combination with anti- 

CTLA4 antibodies from Departments of Translational Skin Cancer Research and Dermatology were included in the study upon writ

ten informed consent (ethics vote numbers 16-6784-BO and 16-7097-BO). For further clinical information, please refer to Table S1.

METHOD DETAILS

Single-cell RNA-seq data generation

Tumor tissue biopsies from melanoma lesions were obtained on the day of therapy initiation (day 0) and 6–16 days thereafter (see 

Table S1). Fresh biopsies were immediately processed after excision. The generation of the single cell suspension was performed 

REAGENT or RESOURCE SOURCE IDENTIFIER

Biological samples

Human skin melanoma samples University Hospital Essen See Table S1 for details

Critical commercial assays

Tumor Dissociation Kit, human Miltenyi Biotec Cat#130-095-929

Chromium Next GEM Single Cell 5′ Library & 

Gel Bead Kit v1.1

10× Genomics Cat#1000165

Deposited data

Raw sequencing data This study EGAS50000000459

Processed scRNA-seq and Visium data This study https://doi.org/10.5281/zenodo.19586163

Public human cancer scRNA-seq and Visium data Othe public studies See Table S2 for details

Public human cancer bulk transcriptomic data Othe public studies See Table S2 for details

Software and algorithms

Cell Ranger 3.0.0 10× Genomics https://10xgenomics.com/

Space Ranger 2.0.0 10× Genomics https://10xgenomics.com/

R 4.5.2 R Core Team https://www.r-project.org/

Python 3.10.16 Python 

Software Foundation

https://www.python.org/

Seurat 5.3.0 Hao et al.68 https://satijalab.org/seurat/

scDblFinder Germain et al.69 https://github.com/plger/scDblFinder

DoubletFinder McGinnis et al.70 https://github.com/chris-mcginnis-ucsf/ 

DoubletFinder

SingleR 2.12.0 Aran et al.39 https://github.com/dviraran/singler

scGate 1.7.2 Andreatta et al.40 https://github.com/carmonalab/scGate

harmony 1.2.4 Korsunsky et al.71 https://github.com/immunogenomics/harmony

infercnv 1.26.0 Tickle et al.72 https://github.com/broadinstitute/infercnv

scCODA 0.1.9 Büttner et al.41 https://github.com/theislab/sccoda

rcompanion 2.5.2 Mangiafico73 https://CRAN.R-project.org/package=rcompanion

metafor 5.0 Viechtbauer et al.74 https://github.com/wviechtb/metafor

GSVA 2.4.8 Hänzelmann et al.75 https://github.com/rcastelo/GSVA

clusterProfiler 4.18.4 Wu et al.76 https://github.com/YuLab-SMU/clusterProfiler

cell2location Kleshchevnikov et al.77 https://github.com/BayraktarLab/cell2location

CellChat Jin et al.78 https://github.com/jinworks/CellChat

xCell2 1.2.3 Angel et al.52 https://github.com/AlmogAngel/xCell2

scanpy 1.12.1 Wolf et al.79 https://github.com/scverse/scanpy
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according to the tumor dissociation protocol from Miltenyi Biotec (Bergisch Gladbach, Germany). Briefly, the tissue biopsy was cut 

into small cubes of 2 mm and then minced with the gentleMACS program ‘‘h_tumor_01’’ and two times ‘‘h_tumor_02’’ with 30 min 

incubation time after each mince. During the incubation, the sample was digested with an enzyme cocktail mix consisting of 200 μL 

Enzyme H, 100 μL Enzyme R and 25 μL Enzyme A (catalog #130-095-929 Miltenyi Biotec). The cell suspension was reconstituted in 

PBS with 0.05% BSA and washed two to three times, before passing through a 100 μm cell strainer. Subsequently, the cells were 

processed with the Single Cell 5′ Library & Gel Bead Kit v1.1 (catalog #1000165, 10xGenomics, Pleasanton, CA, USA) according 

to the manufacturer’s protocol. As input for the 10× protocol, 10,000 cells from the single cell suspension were loaded at a concen

tration of 1000 cells/μL. The resulting gene expression library was sequenced at genomics core facility of German Cancer Center 

(DKFZ), Heidelberg, Germany. The sequencing data were aligned with the GRCh38 human reference genome and quantified using 

Cell Ranger (version 3.0, 10× Genomics Inc).

Spatial transcriptomic data generation

Formalin-fixed paraffin-embedded (FFPE) tissue sections (5 μm) were processed using the 10× Genomics Visium CytAssist Spatial 

Gene Expression for FFPE workflow (CG000520). Sections were deparaffinized, H&E-stained, imaged, and decrosslinked prior to 

probe hybridization and library preparation. Spatial gene expression libraries were generated using the Visium CytAssist Spatial 

Gene Expression Reagent Kits (10× Genomics) and sequenced on an Illumina NovaSeq 6000 platform with paired-end reads. 

Raw base call files were demultiplexed and converted to FASTQ format using spaceranger mkfastq pipeline, and subsequently pro

cessed using spaceranger count with the FFPE probe-based workflow (Space Ranger v2.0.0), which performed probe alignment to 

the human reference genome (GRCh38), spatial barcode assignment, and UMI counting. The resulting count matrices and spatial 

coordinates were used for downstream analyses.

Single-cell RNA-seq data curation and standardization

Through an extensive literature review up to Mar 2025, we identified public scRNA-seq datasets across multiple cancer types with a 

specific focus on samples collected at the baseline and after the initiation of the ICI therapy (see Table S2).

Acknowledging the diverse response metrics used across neoadjuvant scRNA-seq studies, including RECIST, pathological assess

ment, PSA tests, T cell expansion, and early radiological evaluations, we harmonized responder classification for comparative anal

ysis. Patients were designated as responders if they met any of the following criteria: achieving a complete or major pathological 

response, demonstrating a complete or partial response by RECIST, or being a pathological non-responder who nonetheless showed 

a RECIST response. In cohorts where response was primarily assessed via T cell expansion or blood prostate-specific antigen (PSA) 

levels, the original study’s classification was adopted. Notably, consistent with the threshold used in BRCA_Bassez cohort from the 

same group, for the HNSCC_Franken cohort, patients with >30 T cell expanded clonotypes were classified as responders.

Given the wide sampling interval spanning 7 to 121 days from the first dose of immunotherapy, all samples were classified as either 

baseline (pre-treatment) or treated (on/post-treatment) status.

Single-cell RNA-seq data preprocessing

Newly generated single-cell sequencing data were aligned with the GRCh38 human reference genome and quantified using Cell Ranger 

(version 3.0, 10×Genomics Inc). The quality of cells was assessed based on two metrics: (1) The number of detected genes per cell; and 

(2) The proportion of mitochondrial gene counts per cell. Specifically, cells with detected genes fewer than 400 or greater than 8000, and 

mitochondrial unique molecular identifier (UMI) count percentage larger than 20% were filtered out. The genes detected in more than 5 

cells were retained. To remove the potential doublets, scDblFinder69 and DoubletFinder70 were used for each sequencing library with 

the expected doublet rate set to be 0.08, and cells identified as doublets by both methods were further filtered out. For each dataset, 

gene symbols were converted into a common dictionary with STACASstandardizeGeneSymbols().80 After the initial quality control and 

cell annotation, sample-level quality control was applied to remove samples with fewer than 200 non-malignant cells.

Hierarchical cell annotation

The hierarchical annotation framework facilitates consensus and flexible cell type assignment at two levels, i.e., main cell types and 

fine-granular subtypes (See Figures 2A and S1B; Table S3).

First level annotation was performed within individual datasets. SingleR39 with the BlueprintEncodeData15,16 reference data was 

applied to predict cell types. The annotation was refined by scGate40 with a pre-defined multi-classifier (TME_HiRes) and Seurat V5 

Louvain clustering68 (default resolution) on corrected embeddings by Harmony.71 Cells labeled as ‘multi-label’ and clusters with gene 

expression from multiple cell lineages were identified as doublets. Due to the technical limitations of 10× sequencing, the neutrophils 

were also excluded from subsequent analysis. The raw annotation from this step was improved by the following level 2 annotation 

and the final cross-dataset integration. Malignant cells were identified based on inferred copy number aberration (CNA) by infercnv 

package (see Malignant cell identification section).

Second level annotations were designed to cater to various cellular lineages, and consisted of two primary steps, i.e., reference 

preparation and hierarchical annotation.

For reference preparation, reference data for T cells, NK cells, myeloid cells, and CAFs were retrieved from the pan-cancer atlas 

studies,3,4,6,8,20,21 loaded in R as SingleCellExperiment objects, and processed individually. The objects were split by cancer type or 

cohort as lists, normalized with logNormCounts(), and further aggregated into pseudo-bulk samples aggregateReference() by the 
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fine-granular level labels from original studies. Additionally, to capture the diversity of main components, data for T cells, myeloid 

cells, and B lymphocytes were also aggregated at the broad level (e.g., CD4+ T cells, CD8+ T cells, cDC, macrophages, B cells, 

plasma cells) to ensure accurate reclassification. Due to the relatively lower abundance, the reference data of NK cells was aggre

gated only at the main level (CD56highCD16low, CD56highCD16high, and CD56lowCD16high).

For hierarchical annotation, immune cells were initially re-classified into main cell types within each lineage by SingleR based on the 

pan-cancer reference at the main level. For the T and NK cell group, this included CD4+ T cells, CD8+ T cells, and NK cells. For the 

myeloid cells group, this included cDCs, monocytes, and macrophages. For the B lymphocytes, this included B cells, GC B cells, and 

plasma cells. Due to the distinct marker expression, the scGate was applied to separate cells from the T and NK cells group, with 

KLRD1 and NCAM1 served as positive markers, and CD3D as a negative marker for NK cells, and CD3D, TRGC2, TRDV2, 

TRGV9, TRGV10, and TRDC as positive markers, and CD8A and CD4 as negative markers for the gamma delta T cells (gdT). After 

separating the NK and gdT, the remaining CD4+/CD8+ T cells underwent further ‘gating’ by the generic CD4T and CD8T models from 

scGate. Cells with overlapped labels were identified by SingleR, based on an aggregated pan-cancer reference at the main level. 

Similar procedures of reassignment at the first level were conducted on myeloid cells and B cells. The immune cells were then clas

sified within each main cell type by SingleR with pan-cancer multiple reference at the fine-granular level. Non-immune cells including 

endothelial cells and fibroblasts cells were annotated directly to the fine-granular level by using SingleR with corresponding refer

ence. After prediction, the labels were adjusted according to the extensively updated markers.

Finally, as a manual adjustment and quality control step for the final annotation, we performed cross-dataset integration within 

each cell lineage by Seurat integration. This step not only adjusted the annotation at different levels but was also instrumental for 

excluding problematic clusters. Clusters with high expression of proliferation-associated genes, such as MKI67 and TOP2A were 

identified as cycling cell states. Clusters with clear expression of gene markers from multiple cell lineages and with high expression 

of ribosomal genes were identified as doublets and low-quality cells then were removed.

Malignant cell identification

The malignant cells detection was performed by using the inferCNV72 package patient by patient. This process infers large-scale 

chromosomal copy number variations (CNVs) from single-cell RNA-sequencing data. First, the data were subsetted by patient, 

including epithelial cells (which are considered the origin of the tumor), and a reference population of various non-malignant cell types 

like fibroblasts and monocytes. The CNV states were predicted with a three-state CNV model (HMM_type = ’i3’). Cells with both 

average proportion of CNV-affected chromosomes (proportion_cnv_avg) and the average number of CNV events (has_cnv_avg) 

above the 90th percentile were classified as malignant.

Cell type abundance

Cell type frequencies were computed as within-compartment proportions, where immune cell subtypes (T/NK cells, B/plasma cells, 

myeloid cells) were calculated relative to the total immune cell count, and non-immune cell subtypes (stromal, endothelial) were 

calculated relative to the total non-immune cell count. Malignant, epithelial, and melanocyte populations were omitted from all 

compositional analyses. Samples containing fewer than 50 immune cells or fewer than 100 non-malignant cells were excluded.

To track compositional dynamics across sequential treatment cycles, per-patient fold changes were computed as the ratio of the 

treated frequency to the baseline frequency, where a pseudocount of 0.001 was added to both the numerator and denominator to 

prevent division by zero. Median fold changes were subsequently derived for each cancer type and time point, with analyses 

restricted to groups containing a minimum of three patients.

Meta-analysis of inter-cohort compositional analysis

To assess the consistency of cell type abundance changes between baseline and on-treatment states while accounting for across- 

study variability, we conducted a two-stage meta-analysis framework combining within-cohort statistical testing with cross-cohort 

effect pooling.

First, within each cohort, the relative abundance of each cell type was compared between baseline and treated samples. For the 

overview of all major cell types, we applied the unpaired Wilcoxon rank-sum test using all available TME samples. For further analyses 

on non-malignant cell types, we applied paired Wilcoxon rank-sum test restricted to patients with matched baseline and on-treat

ment biopsies. In both cases, the effect size was quantified as the rank-biserial correlation (r). For unpaired comparisons, r and its 

95% confidence interval were estimated via the wilcoxonRG function from the rcompanion R package with 1,000 bootstrap repli

cates (R = 1000, conf = 0.95), and the standard error was derived as SE = CIupper − CIlower

2
∗ 1:96. For paired comparisons, r was calcu

lated as the matched-pairs rank-biserial correlation, r = 2 ∗ V
n
∗ (n + 1) − 0:5, where V is the Wilcoxon rank-sum statistic and n is the 

number of matched pairs, with SE = 
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(1 − r2)=(n − 2)

√
. Cohort-cell type combinations with fewer than two samples per group 

(unpaired) or fewer than three matched pairs (paired) were excluded.

To validate the robustness of these findings under a compositional data framework, we performed an independent analysis using 

scCODA, which models cell type counts via a Bayesian Dirichlet-multinomial distribution with spike-and-slab priors, thereby ac

counting for the inherent compositionality of single-cell proportions. For each cohort, a scCODA model was fitted with treatment sta

tus as the covariate and automatic reference cell type selection. Posterior distributions were sampled via Hamiltonian Monte Carlo 

with 20,000 iterations (num_results = 20000) and 5,000 burn-in steps (num_burnin = 5000). Credible effects were identified at a false 
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discovery rate threshold of 0.3 (est_fdr = 0.3) based on cumulative inclusion probabilities. For each cohort-cell type combination, the 

posterior mean effect was computed as the midpoint of the 94% highest density interval (HDI, 3%–97%), and the posterior standard 

deviation served as the uncertainty estimate. Per-cohort scCODA results were subsequently subjected to the same cross-cohort 

meta-analysis procedure described below.

Second, to synthesize the within-cohort results across studies, we performed a random-effects meta-analysis for each cell type 

using the rma function from the metafor R package (method = ‘‘REML’’). Per-cohort rank-biserial correlations (or scCODA posterior 

means for the compositional validation) served as the effect size estimates (yi), with their corresponding standard errors (sei) used for 

inverse-variance weighting. The restricted maximum likelihood (REML) estimator was applied to estimate the between-study hetero

geneity variance (τ2). For each cell type, the model yielded a pooled effect size with 95% confidence interval, a significance test p 

value, and heterogeneity statistics including I2 (the percentage of total variability attributable to between-cohort heterogeneity) 

and τ2. Cell types were included in the meta-analysis if at least two cohorts provided valid estimates.

Gene set enrichment analysis

Gene set enrichment for scoring at bulk (including pseudobulk) and single cell level was conducted by using ssGSEA method from 

GSVA package75 and AddModuleScore() from Seurat,68 individually.

Differential expression analysis and over-representation enrichment analysis

The differential expression (DE) analysis was performed by using FindAllMarkers() function from the Seruat package based on the 

Wilcoxon rank-sum test. Mitochondrial genes and ribosomal genes were removed before DE analysis. In pseudobulk DE analysis, 

minimum fraction of detection of 0.9 was added as filtering criteria. The functional enrichment analysis was performed by using 

the clusterProfiler R package.

Non-negative matrix factorization (NMF) analysis for identifying tissue-specific cellular programs

With the compositional data as matrix V (cell type × sample), we performed NMF by using R package NMF across samples from both 

pre- and on-treatment time points to identify tissue-specific programs within the TME. With n samples and m cell types, V is a non- 

negative matrix in V∈Rm×n. Then V could be decomposed into 2 non-negative matrices: W∈Rm×k and H∈Rk×n, where k represents the 

pre-selected factor number. Each element in W matrix indicates the loading of a cell type on a corresponding factor, while elements of 

H capture activity levels of these factor across tumor samples.

To assess the influence of the k parameter on NMF outcomes, we ran the NMF analysis on the immune matrix using a range of 

values for k (3–10), with 200 iterations for each value and a fixed seed. Following the guidelines suggested in the NMF vignette, 

we selected a factorization rank of 4 based on the following criteria: the first value where the cophenetic coefficient began to decrease 

after a high plateau, the rank exhibiting the highest dispersion value, and the rank at which the consensus silhouette score reached its 

peak. We considered each NMF factor to represent a distinct multicellular program. To identify the representative cell types asso

ciated with each program, we applied hierarchical clustering to the scaled Wmatrix.

To recover the NMF weights of these programs in validation samples, we used a custom NMF strategy that holds the pre-identified 

W matrix constant. This method initializes a new H matrix and iteratively updates it to find the best fit for the new data, minimizing the 

Euclidean distance between the new data matrix and the product of the fixed W and the new H. The resulting H matrix thus provides 

the weights levels of the four cellular programs for each sample.

Assignment of scRNA-seq and bulk transcriptomic data to TIME subtypes

The relative abundance of immune cells of tumors for in-house validation set were calculated as aforementioned. For bulk transcrip

tomic data, the TME components were estimated by ssGSEA with representative gene sets (see Table S6). Then, we scaled the query 

data of the validation cohort to the original data and computed the Spearman’s correlation coefficient between the scaled propor

tions of each patient in the validation cohort and those in the original atlas. Each patient in the validation cohort was assigned to the 

group with the Spearman’s correlation coefficient above 0.25 with the corresponding group in the original atlas.

Cell-cell interaction analysis

We applied CellChat v2.78 to quantify the probability of signaling communication based on the expression of ligand-receptor pairs 

across cell types. CellChat employs the law of mass action to quantify communication probability and identify statistically significant 

interactions with permutation tests. To control for the false positivity, we further filtered the interaction detected in at least 1/3 tumors 

in each group.

Abundance estimation in spatial transcriptomic data

The 10× Visium transcriptional data were loaded as a scanpy79 object and pre-processed with 200 count per spot threshold. 

The probability of fine-grained cell subtype for each spot was estimated by cell2location,77 a Bayesian model for spatial cell 

type mapping. To reduce the variation and ensure the accuracy, we used the matched scRNA-seq data from the same cohort 

as reference.
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Transition classification and comparison with B cell classifiers

Based on the observed association between TIME subtype transitions and treatment response, we classified transition patterns as 

response-favorable or response-unfavorable. The response-favorable category includes transitions from TIME-I to TIME-B or 

TIME-Q, from TIME-Q or TIME-Mye to TIME-I, and maintenance of TIME-B. The response-unfavorable category includes maintenance 

of TIME-Q, TIME-Mye, or TIME-I states, TIME-Q to TIME-Mye, and TIME-B to TIME-Q. Transitions not captured by either category were 

excluded from further classifier comparison, with definitions refined in subsequently cancer-type-specific analysis.

To evaluate whether the transition classification adds response-discriminative information beyond B cell abundance at treated sta

tus, we compared three binary classifiers: (i) transition status (favorable vs. unfavorable), (ii) treated B/plasma cell abundance (high 

vs. low, defined by median of the B and plasma cell abundance among immune cells in the treated sample), and (iii) treated TIME-B 

status (yes vs. no, based on the TIME subtype assignment of the treated sample). For the pooled analysis, response rates were 

compared using the Chi-square test. Cancer-type-adjusted odds ratios were estimated from logistic regression models. To formally 

test the added value of one classifier over another, nested models were compared using likelihood ratio tests: the improvement in 

model fit when adding transition status to a B cell-only model (and vice versa) was assessed by the chi-square distributed test sta

tistic with one degree of freedom.

Development and evaluation of transition-associated signature

(1) Deriving transition gene signature.

To identify baseline molecular features predictive of favorable TIME remodeling under ICI therapy, we derived a transition signature 

from baseline scRNA-seq pseudobulk profiles and evaluated its predictive performance on independent bulk transcriptomic cohorts.

Immune pseudobulk expression profiles were generated by averaging gene expression across all immune cells (T/NK, B/plasma, 

and myeloid lineages) per sample using Seurat’s AggregateExpression function. Based on the TIME subtype transition patterns 

described above, we defined transition labels for TIME-I and TIME-Mye independently. For baseline TIME-I (inflamed) tumors, sam

ples transitioning to TIME-B or TIME-Q were labeled as favorable (response-associated), while those transitioning to TIME-Mye were 

labeled as unfavorable. For baseline TIME-Mye (myeloid-enriched) tumors, those transitioning to any other subtype (TIME-I, TIME-B, 

or TIME-Q) were labeled as favorable, and those remaining TIME-Mye were labeled as unfavorable. Baseline samples from labeled 

patients were included in the training sets.

Feature selection was performed separately for the TIME-I and TIME-Mye groups using a random forest (RF) stability selection 

procedure. For each group, the expression matrix was first filtered to the top 4,000 most variable genes. A total of 200 RF iterations 

were then executed in parallel, each fitting a classification model using the ranger R package (num.trees = 1000, importance = ‘‘per

mutation’’). Class weights were applied to address sample imbalance, assigning a weight of n_favorable/n_unfavorable to unfavor

able samples and a weight of 1 to favorable samples. At each iteration, the top 100 genes ranked by out-of-bag (OOB) permutation 

importance were recorded. Gene selection frequency was computed as the proportion of iterations in which each gene appeared 

among the top 100. The number of signature genes was determined by applying the Kneedle algorithm to the ranked frequency 

curve, identifying the elbow point (maximum perpendicular distance to the diagonal within a search range of 15–80 genes) where 

additional genes contributed diminishing discriminative value. Each selected gene was then assigned a direction (up or down) based 

on whether its mean expression was higher in the favorable or unfavorable group.

(2) Evaluating clinical relevance.

The final transition signature was constructed as the union of genes selected from the TIME-I and TIME-Mye analyses. For genes 

appearing in both sets, the direction was resolved using the higher importance weight. The combined signature was scored on bulk 

transcriptomic data using a directional single-sample gene set enrichment analysis (ssGSEA). To account for cohort-specific batch 

effects, scores were z-scored within each cohort prior to cross-cohort analyses. Predictive performance was assessed across three 

clinical endpoints: treatment response, progression-free survival (PFS), and overall survival (OS). For treatment response, per-cohort 

odds ratios (ORs) were estimated using logistic regression with the z-scored transition score as the predictor. Cohorts were included 

if they contained at least 15 samples with at least 3 responders and 3 non-responders. The pooled OR was estimated from a logistic 

regression model with cohort included as a covariate. For survival endpoints, per-cohort hazard ratios (HRs) were estimated using 

Cox proportional hazards models (survivalcoxph). Cohorts were included if they contained at least 15 samples and at least 5 events. 

Pooled HRs were estimated from Cox models with cohort as a fixed-effect covariate. All confidence intervals were computed at the 

95% level via Wald-type approximation. For Kaplan-Meier analysis, transition signature scores were computed for each baseline 

sample and z-scored within each cohort. Patients were stratified into high (fourth quartile, Q4) and low (first quartile, Q1) groups 

based on within-cohort score distributions. Survival curves were estimated using the Kaplan-Meier method, and differences between 

groups were assessed using two-sided log rank test.

To benchmark the transition signature against established ICI response signatures, we computed 10-fold cross-validated 

AUROC using logistic regression with cohort adjustment, where predicted probabilities from held-out folds were aggregated to 

construct the receiver operating characteristic curve, with 95% confidence intervals obtained via 1,000 bootstrap replicates 

(see Figure S5).
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QUANTIFICATION AND STATISTICAL ANALYSIS

All statistical analyses were performed in R (v4.5.2) and Python (v3.10.16). Two-sided tests were used throughout unless otherwise 

stated, and statistical significance was set at p < 0.05. In the boxplots, the upper whisker indicates the maximum value or 75th 

percentile +1.5 IQR; the lower whisker indicates the minimum value or 25th percentile − 1.5 IQR. Detailed statistical methods for 

each analysis are described in the corresponding methods subsections above.
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