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SUMMARY

Predictive biomarkers for immune checkpoint inhibitors (ICIs) are largely identified retrospectively, but their 
prospective clinical utility remains unproven. Here, we report DUTRENEO, a prospective randomized phase

2 trial testing whether a retrospectively validated 18-gene bulk tumor inflammation signature (TIS) can guide 
neoadjuvant ICI therapy in muscle-invasive bladder cancer. The trial does not meet its primary endpoint, 
and this demonstrates that bulk gene-expression stratification does not sufficiently enrich for responders. 
To define the biology underlying this failure, we generate single-cell spatial transcriptomic profiles of 377 genes 
in ∼5.4 million cells across large tissue areas. Response is governed by spatial architectures invisible to bulk 
assays, including CD8 + T cell proximity to cancer cells, localized checkpoint co-expression within epithelial 
cancer-rich neighborhoods, and fibroblast-rich immune-excluded communities in non-responders. We pro-

vide a quantitative framework showing that ≥77 genes and ≥3-mm tissue diameter regions preserve predictive 
spatial signal at scalable throughput. The registration details of the trial are EudraCT 2017-002246-68.

INTRODUCTION

More than 570,000 new cases of bladder cancer are diagnosed 

every year worldwide, causing approximately 200.000 yearly 

deaths. 1 While most of them are non-muscle invasive tumors

(75%), a subset of patients (25%) present with muscle-invasive 

bladder cancer (MIBC), an aggressive disease. Radical cystec-

tomy remains the most common therapeutic approach, although 

cisplatin-based neoadjuvant chemotherapy (NAC) provides an 

absolute 5%–8% increase in 5-year overall survival (OS) and a
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16% relative reduction in the risk of cancer-related death. 2–6 

Recently, the NIAGARA study has shown that adding the 

anti-PDL1 immune checkpoint inhibitor (ICI) durvalumab to the 

standard regimen of cisplatin and gemcitabine as neoadjuvant 

therapy followed by durvalumab for 1 year after cystectomy in-

creases the OS of patients. This regimen has been recently 

incorporated into international guidelines for the management 

of these tumors. 7 Yet, as the therapeutic landscape shifts toward 

these immune-based combinations, the fundamental spatial 

barriers to immune infiltration (such as stromal exclusion) remain 

critical determinants of efficacy that are likely to impact response 

across regimens. Despite this evidence, real-world data reveal 

that there is a significant underuse of NAC, possibly related to 

concerns about the relatively modest absolute survival benefit, 

treatment-related toxicity, and the fact that 40%–50% of pa-

tients are medically ineligible to receive cisplatin-based NAC. 8 

Small single-arm phase 2 trials using ICI doublets have re-

vealed pathological complete response (pCR) rates in the range 

of 37%–46%. 9–12 Retrospective analyses in several tumor types, 

including urothelial bladder cancer, have identified gene expres-

sion profiles associated with T cell infiltration, high interferon 

gamma (IFN-g), and low TGFβ signaling 13–15 as predictive bio-

markers of response to ICI. Particularly, a tumor inflammation 

signature (TIS) score based on 18 genes related to IFN-g 

signaling has been reported. 15 In these studies, the TIS score 

is one of the most robust biomarkers predictive of response to 

ICI, and its ability to discriminate is preserved across tumor 

types. The TIS has also been associated with prognosis at the 

PanCancer level and has been proposed as an indirect measure 

of an inflamed tumor phenotype that might guide immuno-

therapy across cancer types. 16,17

A major problem in translational research is that few of the 

promising markers identified in retrospective studies, including 

the TIS, are applied prospectively to demonstrate clinical utility 

to stratify and optimize patient treatment. To our knowledge, 

the DOMINI trial in patients with stage III melanoma is the only 

study that randomized patients to allocate treatment according 

to a signature predictive of response to ICI. 18 In this trial, patients 

whose tumors had a high IFN-g score showed a higher response

rate than those with a low score. 18 However, this study did not 

include a control arm of standard therapy.

Here, we present the results of the DUTRENEO trial, a pro-

spective, biomarker-driven, randomized study testing the 

18-gene TIS to guide neoadjuvant therapy selection in MIBC. 

While the trial provides a definitive prospective test of TIS utility, 

the primary endpoint was not met, demonstrating that bulk 

inflammation profiling alone is insufficient for robust patient 

stratification in this setting. However, this clinical outcome pro-

vided a unique opportunity to decipher the reasons for biomarker 

failure. We generated the largest single-cell spatial transcriptom-

ics dataset in bladder cancer to date (377 genes analyzed in ∼5.4 

million cells), revealing that response is governed by specific 

architectural constraints, such as fibroblast-mediated exclusion 

and immune-tumor distance, that are invisible to bulk assays. 

Leveraging this dataset, we not only provide a mechanistic 

explanation for the limitations of bulk profiling but also establish 

a quantitative framework for the design of future spatial bio-

markers, illustrating how gene panel size and tissue sampling 

area influence the ability to capture predictive spatial features 

in MIBC.

RESULTS

Study design, patient characteristics, and safety

The DUTRENEO trial was a multicenter, open-label phase 2 

study conducted in 11 Spanish tertiary care hospitals 

(Figure 1A). Patients were eligible following a transurethral 

resection of bladder tumor (TURBT) demonstrating MIBC (T2– 

T4a), regardless of the presence of visible residual disease. 

They were also eligible for cisplatin therapy, had a planned cys-

tectomy as part of their treatment plan, were Eastern Coopera-

tive Oncology Group (ECOG) 0–1 performance status, and had 

tumor tissue available for TIS quantification at baseline recruit-

ment. A total of 101 patients were screened for study eligibility. 

Of them, 28 had screening failures (Figure S1A; STAR Methods). 

Upon establishment of the TIS score, patients whose tumors 

were TIS-high (i.e., hot) were randomized to receive ICI or stan-

dard cisplatin-based NAC. In contrast, patients whose tumors
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Figure 1. Study design, outcome, and multiomics analysis

(A) DUTRENEO study design. Patients’ tumors were classified as immune-hot (hot, for simplicity) or immune-cold (cold, for simplicity) based on the score of the 

TIS signature. Patients with hot tumors were randomized to receive ICI or NAC, whereas patients with cold tumors received standard NAC. Multiomics analysis of 

pre-treatment tumor samples was performed using WES (n = 44), bulk RNA sequencing (n = 66), as well as spatial transcriptomics with Xenium (n = 20).

(B) Barplot showing the fraction of patients who had complete (CR), partial (PR), or no (NR) pathological response in each of the treatment arms.

(legend continued on next page)
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were TIS-low (i.e., cold) were assigned to receive standard NAC 

(STAR Methods). Overall, 73 patients were eligible and received 

treatment, as follows: 21 patients with cold tumors received 

cisplatin-based NAC according to the investigator’s choice. 

Fifty-two patients had hot tumors. The first 6 patients were 

treated with durvalumab plus tremelimumab under a safety 

run-in period for at least two cycles, and the remaining 46 pa-

tients were randomized to ICI (n = 24) or NAC (n = 22), repre-

senting the full intention-to-treat population of the trial 

(Figure S1A). Cystectomy, post-surgery follow-up, and therapy 

were administered according to standard practice. Clinical and 

pathological baseline characteristics of patients in the three

arms were not significantly different (Table 1). Adverse effects 

and toxicities were in line with those previously described for 

NAC and ICI (Table 1).

Efficacy outcomes

Among patients with hot tumors, a pCR was observed in 10/26 

patients treated with ICI (39%) and in 6/20 patients treated 

with NAC (30%). Among patients with cold tumors, 11/20 had 

a pCR (55%) (Table 2; Figure 1B). The primary endpoint was 

not met; pCR rates in hot tumors treated with ICI (39%) were 

not significantly superior to those treated with NAC (30%) 

(Fisher’s exact test, p = 0.51, estimated odds ratio of 1.64,

(C) Kaplan-Meier plot showing progression-free survival for patients included in the three treatment arms. The p value was calculated using the log rank test. 

Shaded areas indicate 95% confidence intervals.

(D) Boxplot showing the TIS score by treatment arm and response. Boxplots show the median, interquartile range, and 1.5× interquartile range whiskers; points 

represent individual patients. p values were calculated using two-sided Wilcoxon rank-sum tests.

(E) Barplot showing the retrospective analysis of DUTRENEO outcomes. The y axis shows the fraction of patients that would have been included (positive values) 

or excluded (negative values) to receive neoadjuvant immunotherapy at different TIS thresholds (x axis). Bars are colored depending on the outcome of the 

patient.

(F) Relative cell-type abundance in the samples analyzed with the Xenium platform.

(G and H) Overlay of the major cell types in the whole sample analyzed and in selected regions of exemplary hot (G) and cold tumors (H). Scale bars, 1 mm. 

(I) Boxplot showing the median nearest-neighbor distance of the different cell types to epithelial cells, calculated within a 200-μm radius, in samples analyzed with 

the Xenium platform and split by TIS category. Median distances for individual adaptive and innate immune cell types were pooled under the ‘‘adaptive’’ and 

‘‘innate’’ categories, respectively; each point represents the patient-level median distance for one constituent cell type. For non-grouped categories, each point 

represents the patient-level median distance for the indicated cell type. Boxplots show the median, interquartile range, and 1.5× interquartile range whiskers. 

Statistical significance was assessed using two-sided Wilcoxon rank-sum tests. ns: p > 0.05; *p ≤ 0.05; **p ≤ 0.01; ***p ≤ 0.001; ****p ≤ 0.0001.

Table 1. Baseline characteristics of patients recruited to the DUTRENEO study

Hot ICI Hot NAC Cold NAC

p valueN = 30 N = 22 N = 21

Age (years), median (IQR) 66.0 (60.2;71.8) 66.0 (61.0;72.8) 66.0 (62.0;72.0) 0.904

Gender, n (%) – – – 0.471

Female 3 (10.0%) 1 (4.55%) 3 (14.3%) –

Male 27 (90.0%) 21 (95.5%) 18 (85.7%) –

ECOG, n (%) – – – 0.192

0 19 (63.3%) 18 (81.8%) 12 (57.1%) –

1 11 (36.7%) 4 (18.2%) 9 (42.9%) –

Clinical stage, n (%) – – – >0.999

T2 23 (76.7%) 17 (77.3%) 17 (81.0%) –

T3 7 (23.3%) 5 (22.7%) 4 (19.0%) –

Lymph node invasion, n (%) – – – 0.474

N0 24 (80.0%) 21 (95.5%) 19 (90.5%) –

N1 5 (16.7%) 1 (4.55%) 2 (9.52%) –

Nx 1 (3.33%) 0 (0.00%) 0 (0.00%) –

Histologic class, n (%) – – – 0.519

Adenocarcinoma 0 (0.00%) 0 (0.00%) 1 (4.76%) –

Infiltrating ductal carcinoma 1 (3.33%) 1 (4.55%) 0 (0.00%) –

Glandular differentiation 2 (6.67%) 1 (4.55%) 1 (4.76%) –

Micropapillary 1 (3.33%) 0 (0.00%) 4 (19.0%) –

Squamous differentiation 5 (16.7%) 2 (9.09%) 3 (14.3%) –

Urothelial carcinoma (pure) 21 (70%) 17 (81.9%) 11 (57.2%) –

Prior BCG, n (%) – – – 0.452

Yes 4 (13.3%) 4 (18.2%) 1 (4.76%) –

BCG, Bacillus Calmette-Gué rin; ECOG, Eastern Cooperative Oncology Group; IQR, interquartile range.
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95% confidence interval [CI]: 0.36–7.89). Downstaging was 

achieved in 10/20 (50%) and 12/20 (60%) patients with hot or 

cold tumors, respectively, and in 16/26 (62%) of patients treated 

with ICI. Notably, patients with cold tumors treated with standard 

NAC achieved a numerically higher pCR rate (55%) than patients 

with hot tumors receiving the same chemotherapy regimen 

(30%), although this difference did not reach statistical signifi-

cance (Fisher’s exact test, p = 0.31, estimated odds ratio of 

2.23, 95% CI: 0.48–11.13). This inverse trend underscores that 

bulk inflammation scores did not enrich for ICI responders and 

failed to identify the specific tumor biology associated with 

chemosensitivity.

There were no significant differences in progression-free sur-

vival across treatment groups (p = 0.7; reference hot NAC: hot 

ICI hazard ratio [HR] = 1.50, 95% CI: 0.56–4.04; cold NAC 

HR = 1.43, 95% CI: 0.48–4.26; Figure 1C) or in OS (p > 0.6; refer-

ence hot NAC: hot ICI HR = 2.16, 95% CI: 0.44–10.76; cold NAC 

HR = 1.45, 95% CI: 0.20–10.59; Figure S1B). We did not find sig-

nificant differences in the TIS score of responders vs. non-re-

sponders in any of the treatment arms, although there was a 

tendency for higher scores in responders to ICI (p = 0.097) 

(Figure 1D). Finally, the pCR rate was similar to that observed 

in other studies assessing ICI in an unselected population of 

MIBC, suggesting that the TIS, as used in this trial, did not suffi-

ciently enrich the treated population with responders. A retro-

spective analysis of the outcome data of DUTRENEO shows 

that higher TIS thresholds would have increased substantially 

the fraction of responding patients at the expense of excluding 

most patients who responded to the neoadjuvant immuno-

therapy (Figure 1E).

A comprehensive multi-omics characterization of the 

DUTRENEO cohort

We employed a multi-omics approach to characterize the pre-

treatment tumor landscape and investigate the molecular determi-

nants of response (Figure 1A). Formalin-fixed paraffin-embedded

tissues obtained during TURBT were analyzed via whole exome 

sequencing (WES) (n = 44), bulk RNA sequencing (RNA-seq) (n = 

66), and high-resolution spatial transcriptomics with Xenium (n = 

20, Figure 1A). The Xenium dataset profiled 377 genes across 

5,399,355 single cells (median, ∼224,000 cells per sample), 

providing a deep architectural map of the tumor 

microenvironment.

To determine whether the patient cohort is representative of 

primary untreated MIBC, we assessed cancer driver mutations 

and molecular subtypes. The frequency of driver mutations in 

key bladder cancer genes (e.g., TP53, FGFR3, PIK3CA, and 

KMT2D) aligns with larger public cohorts 19 (Figure S2A). 

Consensus molecular subtype distribution (derived from bulk 

RNA-seq) is also consistent with prior reports, 20 apart from 

a known bias toward luminal subtypes inherent to TURBT 

sampling: LumP (n = 20), LumNS (n = 9), LumU (n = 7), Stro-

mal-rich (n = 9), and Ba/Sq (n = 12) (Figure S2B). As expected, 

FGFR3 mutations were enriched in LumP tumors. Subtype distri-

bution was not associated with treatment allocation or response 

(Figures S2C–S2E).

Comparison of hot and cold tumors revealed that TP53, RB1, 

and ARID1A mutations were more frequent in hot tumors, 

whereas FGFR3 and STAG2 mutations were enriched in cold tu-

mors 19 (Figure S2A). Differential expression analysis confirmed 

that the TIS stratification successfully captured the intended 

biological phenotype: hot tumors displayed significant overex-

pression of immune-related genes (e.g., IDO1 and IFNG) and 

enrichment of immune pathways (e.g., T cell receptor signaling 

and natural killer [NK]-mediated cytotoxicity) (Figure S3). 

Conversely, cold tumors were enriched for FGFR3 expression 

and luminal subtypes (Figures S2A–S2C).

To resolve the spatial architecture underlying these bulk pro-

files, we used Xenium to map cell types and their neighborhoods. 

The cellular composition was highly heterogeneous (Figure 1F). 

Among hot tumors, composition did not differ significantly by 

treatment arm (Figure S4A). Importantly, cell composition corre-

lated strongly with TIS score, confirming that ‘‘hot’’ tumors 

indeed contained higher fractions of immune cells, including B 

cells (3.7% vs. 0.9%, p = 0.015), CD4 T cells (4.6% vs. 1.4%, 

p = 0.004), Tregs (2.1% vs. 0.7%, p = 0.001), and CD8 T cells 

(4% vs. 0.7%, p = 0.0004) (Figures 1F–1H; Figure S4B). Further-

more, the median distance between epithelial cells and their 

nearest immune neighbor was significantly shorter in hot tumors 

(Figure 1I). Collectively, these data demonstrate that the TIS 

signature successfully discriminated inflamed from non-in-

flamed phenotypes and captured immune cell abundance. 

Therefore, its failure to predict clinical benefit suggests that im-

mune pathway activity alone is insufficient, pointing to spatial or-

ganization as a critical determinant of response.

Immune checkpoint gene expression and response to 

ICI

Prior studies suggest that checkpoint gene expression may serve 

as a biomarker for checkpoint blockade efficacy. 21 We investi-

gated whether these markers were associated with clinical out-

come in the DUTRENEO cohort. Protein levels of PDL1, assessed 

using standard immunohistochemistry (IHC), were not associated 

with clinical features or response to therapy (Figure S5). In contrast,

Table 2. Pathological response and downstaging rates

Hot ICI 

N = 26 a
Hot NAC Cold NAC

p valueN = 20a N = 20 a

Pathological 

response, n (%)

– – – 0.349

Complete response 10 (38.5%) 6 (30.0%) 11 (55.0%) –

Partial response 6 (23.1%) 4 (20.0%) 1 (5.00%) –

No response 10 (38.5%) 10 (50.0%) 8 (40.0%) –

Downstaging, n (%) b – – – 0.710

Yes 16 (61.5%) 10 (50.0%) 12 (60.0%) –

a Cystectomy was not performed in 4 patients from the hot ICI group (two 

patients progressed while receiving treatment, one patient refused cys-

tectomy, one developed myocarditis) and 1 patient from the cold group 

who was incorrectly enrolled in this group. One patient from the hot 

chemotherapy group withdrew consent to use information on cystectomy 

outcome; a second patient developed grade 3 rash leading to a delay in 

cystectomy beyond protocol rules.
b Downstaging was defined as any improvement in T or N stage from the 

time of randomization.
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bulk RNA-seq data revealed that tumors of responders harbored 

significantly higher transcript levels of CD274 (PDL1) (log2 fold-

change >1.8, p = 0.001) and CTLA4 (log2 fold-change >2, p = 

0.002) compared with non-responders (Figure S3).

To dissect the cellular origins of this bulk signal, we analyzed 

cell-type contributions using Xenium. PDL1 expression dis-

played a bimodal distribution with respect to its cellular source: 

in 4/11 patients, >50% of PDL1 transcripts originated from can-

cer cells (‘‘epithelial dominant’’), whereas in 6/11 patients, <25% 

came from cancer cells (Figure 2A). Importantly, this source-

defined bimodality was not solely explained by total epithelial 

cell abundance and did not independently stratify response 

(Figure S6A). Rather, tumor-level differences in the relative 

contribution of PDL1 transcripts reflect a combination of cellular 

composition and cell-type-specific transcriptional regulation 

across epithelial and immune compartments, rather than differ-

ences in per-cell expression alone. While CTLA4 expression 

was predominantly Treg derived (13%–34% of transcripts; 

Figure S6B), it was the expression specifically within CD8 + 

T cells (contributing 2%–30%) that strongly associated with ICI 

response (p = 0.0043, Figure S6C).

We further examined the mean expression of checkpoints 

(PDL1, CTLA4, LAG3, and TIM3) and their binding partners 

(PD1 and CD86) across all cell types (Figure 2B). To quantify

the specific differences between responders and non-re-

sponders, we calculated the standardized mean difference (Co-

hen’s d) for each gene within its relevant cell types. This analysis 

revealed that the ‘‘inflamed’’ signal observed in bulk RNA-seq 

arises from a coordinated upregulation across multiple compart-

ments rather than a single cell type. For instance, responders 

displayed significantly higher mean expression of PD1 on 

CD4 + T cells (p = 0.008) and CTLA4 on CD8 + T cells (p = 0.03, 

Figure 2C). Similarly, TIM3 expression on CD8 + T cells and 

LAG3 expression on plasma/NK cells were significantly elevated 

in responders (p = 0.03 and p = 0.008, respectively; Figure 2C). 

Collectively, these single-cell data resolve the mechanism 

behind the bulk RNA-seq association: responders are character-

ized by a coordinated increase in checkpoint intensity across 

specific adaptive and innate populations.

Cellular neighborhoods and spatial architecture of 

response

To determine whether spatial organization influences ICI efficacy 

beyond simple immune abundance, we analyzed the topology of 

the tumor microenvironment. First, we calculated the median 

distance between epithelial cells and their nearest neighboring 

cell types within a 200-μm radius. The spatial arrangement of 

these cells proved highly discriminatory: epithelial cells were

A B

C

Figure 2. Gene expression landscape of im-

mune checkpoint genes and their partners 

in ICI-treated patients

(A) Cell-type distribution of PDL1-expressing cells 

based on normalized expression. Each bar repre-

sents one ICI-treated patient, and colors indicate 

the relative contribution of each annotated cell 

type to total normalized PDL1 expression.

(B) Distribution of the mean normalized expression 

of PDL1, PD1, CTLA4, CD86, LAG3, and TIM3 

across samples for each cell type. Boxplots show 

the median, interquartile range, and 1.5× inter-

quartile range whiskers; points represent individ-

ual patient-level mean expression values.

(C) Heatmap showing standardized mean differ-

ences (Cohen’s d) in checkpoint gene expression 

or its binding partner between responders and 

non-responders, calculated separately within 

each annotated cell type based on the patient-

level values shown in (B). Higher Cohen’s d values 

in dark green indicate higher mean expression in 

the relevant cell type in responders (CR/PR), 

whereas higher values toward orange indicate 

higher mean expression in non-responders (NR). 

White cells indicate either Cohen’s d values below 

the visualization threshold (− 1 < Cohen’s d < 1, set 

to 0 for display) or cell type-gene combinations 

that were not considered biologically relevant 

based on the expression patterns shown in (B). 

Group differences were assessed using two-sided 

Wilcoxon rank-sum tests; raw p values are re-

ported.
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Figure 3. Neighborhood analysis strategy

(A and B) Scheme of the neighborhood analysis for the identification of communities and their cellular composition. First, a neighborhood radius of 25 μm is 

established around each cell, within which the number of cells of a given type are counted to form a neighborhood matrix (A). Next, the elbow method is applied on 

the neighborhood matrix for each sample to determine an optimum number of clusters (i.e., communities) that will be used for k-means clustering. The relative 

abundance of each cell type within each community is finally determined, revealing its level of abundance as ‘‘baseline’’ (neutral), ‘‘rich’’ (high abundance), or 

‘‘poor’’ (low abundance) (B).

(legend continued on next page)
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significantly closer to adaptive immune cells (mean, 54 vs. 

75 μm, p < 0.001, Figure S7A) and innate immune cells (mean, 

53 vs. 66 μm, p < 0.05, Figure S7A) in responders than in non-re-

sponders. By contrast, global immune cell abundance showed 

limited association with outcome, with fibroblasts being the 

only cell type whose overall abundance was significantly higher 

in non-responders (Figure S7B), consistent with a role for stromal 

exclusion. Together, these findings indicate that response to ICI 

depends less on the total abundance of immune cells than on 

their spatial proximity to epithelial cells.

To investigate local interaction networks, we next defined the 

spatial scale most relevant for direct cell-cell communication. 

We found that the majority of nearest-neighbor events occurred 

within a 25-μm radius (Figure S7C), establishing this as the oper-

ative window for subsequent neighborhood analyses. We there-

fore quantified the cellular composition within a 25-μm radius 

around each cell (Figure 3A) and used k-means clustering to 

identify cellular communities with similar neighborhood compo-

sition (Figure 3B; Figure S8). We then quantified the enrichment 

or depletion of each cell type within each community, allowing us 

to classify communities as ‘‘rich,’’ ‘‘neutral,’’ or ‘‘poor’’ for a given

cell type (Figure 3B). Finally, we grouped all cell type-rich com-

munities within each sample for downstream comparisons 

(Figures 3C–3G).

This analysis revealed marked differences in local tissue archi-

tecture between responders and non-responders. Responders 

were characterized by an enrichment of dendritic cells, M1 macro-

phages, CD8 + T cells, Tregs, and NK cells, particularly within 

epithelial-rich communities (Figure 4A). These associations were 

especially pronounced for CD8 + T cells and Tregs (p = 0.017 and 

p = 0.004, respectively) in epithelial-rich communities, and for den-

dritic cells in monocyte-rich and endothelial-rich communities (p = 

0.004 and p = 0.008, respectively). By contrast, non-responders 

showed a higher relative abundance of fibroblasts within macro-

phage-rich (p = 0.03 for M1 and p = 0.017 for M2 types), NK-rich 

(p = 0.008), and CD8-rich (p = 0.03) communities (Figure 4A), rein-

forcing the concept of fibroblast-mediated immune isolation.

Given these distinct architectural constraints, we hypothe-

sized that therapeutic efficacy depends on the interplay between 

neighborhood composition and localized checkpoint engage-

ment. To test this, we quantified the niche co-expression of 

ligand-receptor (LR) pairs in epithelial-rich communities,

(C–G) Example of the community identification and annotation workflow shown in (B) for a section of a hot tumor, including the overlaid cell types (C), the overlaid 

sample-specific communities defined by k-means clustering (D), the abundance of each cell type across these communities in the whole sample (E), and the 

same pre-defined communities highlighted according to their annotation as epithelial rich or epithelial poor (F) and fibroblast rich or fibroblast poor (G). Scale bars,

1 mm (C, D, F, and G).

A B

C

Figure 4. Cellular neighborhoods predict 

ICI response

(A) Heatmap showing Cohen’s d of the relative 

abundance of each cell type in each cell-rich 

community, comparing the two response groups 

among cases from the ICI Xenium cohort. Higher 

Cohen’s d values in dark green indicate higher 

relative abundance of a given cell type in each 

community in responders (CR/PR), whereas 

higher values toward orange indicate higher rela-

tive abundance in non-responders (NR). Group 

differences were assessed using two-sided Wil-

coxon rank-sum tests; raw p values are reported.

(B) Heatmap showing Cohen’s d of the mean niche 

co-expression of the ligand-receptor (LR) pairs of 

interest. Higher Cohen’s d values in dark green 

indicate higher niche co-expression of an LR pair 

around a given T cell type in responders compared 

with non-responders, whereas higher values to-

ward orange indicate higher niche co-expression 

in non-responders. Group differences were as-

sessed using two-sided Wilcoxon rank-sum tests; 

raw p values are reported. For both heatmaps in (A 

and B), white cells indicate Cohen’s d values 

below the visualization threshold (− 1 < Cohen’s 

d < 1, set to 0 for display).

(C) Selected findings in the tumors of one ICI 

responder (top) and one non-responder (bottom). 

From left to right: the segmented cells from 

epithelial-rich vs. epithelial-poor communities are 

shown, followed by the cell-type composition of 

the insets from the previous community images, 

with a focus on epithelial cells, CD8 T cells/NK cells, and Tregs. The last two images refer to the scaled niche co-expression of LR pairs CTLA4-CD86 and PDL1-

PD1 in the regions from the insets. Scale bars, 1 mm.
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focusing on the immediate vicinity of T cells. We define ‘‘niche 

co-expression’’ as the mean co-expression of a ligand and its re-

ceptor across the three neighboring cells of a target cell in 

epithelial-rich communities, thereby capturing the local signaling 

environment (Figure S9A). While CD86-CD28 mean niche co-

expression did not differ by response (Figure 4B), the mean niche 

co-expression of CD86-CTLA4 around CD8 + T cells was higher 

in responders (p = 0.004, Figures 4B and 4C). Similarly, PDL1-

PD1 niche co-expression around non-regulatory CD4 + T cells 

was higher in responders (p = 0.015, Figures 4B and 4C), and 

this association became even stronger when response was strin-

gently defined as pCR (p = 0.009, Figures S9B and S9C). Collec-

tively, these findings indicate that response to ICI is governed not 

merely by the presence of immune cells, but by their capacity to 

infiltrate epithelial neighborhoods and engage in localized 

checkpoint signaling.

Spatially confined checkpoint signaling in responding 

patients

We hypothesized that the functional impact of immune check-

point expression depends on the specific cellular community in 

which it occurs. To test this, we systematically compared the 

expression of checkpoints and their ligands within heterotypic 

‘‘cell-type rich’’ vs. ‘‘cell-type poor’’ communities. As a proof of 

concept, we examined PDL1 expression in M1 macrophages 

located within endothelial-rich vs. endothelial-poor niches 

(Figures 5A and 5B). In non-responders, M1 macrophages in 

endothelial-rich communities contributed significantly more to 

total PDL1 expression than those in endothelial-poor zones 

(adjusted p = 0.01, Figure 5C), demonstrating that local neigh-

borhood composition modulates immune gene output.

Extending this analysis to all ligand-receptor interactions, we 

observed a striking difference in network topology between 

groups. Responders displayed a ‘‘spatially constrained’’ 

signaling architecture, where high-intensity checkpoint expres-

sion was restricted to a few key biological niches (Figures 5D– 

5G, top). The strongest determinant of response was the 

confinement of PD1 and CTLA4 expression to CD8 + T cells spe-

cifically within fibroblast-poor communities (Figures 5D and 5E). 

This reinforces our earlier finding that fibroblast exclusion is a 

prerequisite for effective T cell engagement. Similarly, LAG3 

and TIM3 expression in responders was selectively enriched in 

NK and CD8 + T cells within these same fibroblast-poor niches 

(Figures 5F and 5G), suggesting a spatially coordinated adaptive 

immune response.

In contrast, non-responders exhibited a ‘‘diffuse’’ signaling to-

pology, characterized by widespread checkpoint gene expres-

sion across multiple heterogeneous niches (Figures 5D–5G, 

bottom; higher number of network edges). In these tumors, 

PDL1 and PD1 expression was driven by communities rich in 

M1 macrophages, monocytes, or endothelial cells, rather than 

adaptive immune niches (Figure 5D). Crucially, CTLA4 expression 

in T cells was significantly higher in communities rich in mono-

cytes and macrophages but depleted in epithelial communities 

(Figure 5E). This spatial sequestration of checkpoint-expressing 

T cells away from cancer cells (epithelial-poor niches) suggests 

that in non-responders, immune activation occurs in the wrong 

spatial compartment, generating ‘‘inflammatory noise’’ without

direct anti-tumor engagement. These findings indicate that the 

spatial confinement of immune signaling to relevant epithelial 

and fibroblast-poor niches, rather than the total magnitude of 

expression, is the hallmark of effective ICI response.

A generalizable framework for spatial study design

The next critical step for the field is to understand how to opti-

mize spatial assays for scalable deployment in clinical trials in 

a cost-effective manner. Currently, this translation often defaults 

to minimizing costs via tissue microarrays (TMAs) with restricted 

sampling areas (∼1-mm cores). However, it remains unclear 

whether such limited sampling strikes the correct balance be-

tween throughput and the reproducibility of complex spatial find-

ings. To address this, we sought to establish a quantitative 

framework for converting high-dimensional spatial discovery 

into a feasible validation design, effectively asking what param-

eters would be required to power a prospective clinical trial.

We adopted a two-stage optimization strategy: first, identi-

fying the spatial feature that best correlates with outcome in 

the discovery cohort and second, systematically defining the 

minimal tissue area and gene content required to measure that 

feature reproducibly. To identify the optimal target feature, we 

screened the full Xenium dataset for the metric with the highest 

discriminatory potential. While we identified complex neighbor-

hood-based associations, the median shortest CD8 + T cell-to-

cancer cell distance emerged as the most robust correlate of 

response (area under the curve [AUC] = 0.90, 95% CI: 0.69– 

1.00, DeLong), outperforming other immune cell distances and 

abundance metrics (Figure 6A). Leave-one-out LASSO stability 

analysis confirmed CD8 + T cell proximity as the most consis-

tently selected feature (90.9% selection frequency; Figure 6B), 

validating its selection as the primary target for optimization.

Having identified this architectural feature, we next deter-

mined the minimal assay specifications needed to measure it, 

explicitly testing the validity of the field’s reliance on small tissue 

areas. We performed a systematic ‘‘downsampling’’ simulation 

to stress-test the stability of the CD8-cancer distance metric. 

First, regarding gene content, we progressively downsized the 

annotation reference from the full 377-gene panel to 17 genes 

(Figure 6C). As the gene set was progressively reduced, annota-

tion accuracy declined gradually but remained robust. Even at 47 

genes, an ∼8-fold reduction from the original 377-gene panel, 

the classifier retained substantial discriminative power, 

achieving an AUC of 0.75 (95% CI: 0.75–0.75, DeLong) for 

CD8 + T cell identification and 0.87 (95% CI: 0.87–0.87, DeLong) 

for epithelial cells, representing strong agreement with the 

ground-truth labels despite considerable panel compression. 

Using these reduced annotations, we re-evaluated our spatial 

biomarker (median shortest CD8 + T cell-to-cancer distance) 

and find that predictive performance remains relatively stable 

from the ground truth (377 genes, AUC = 0.90) down to 17 genes 

(AUC = 0.80; 95% CI: 0.41–1.00, DeLong), with an inflection at 77 

genes (AUC = 0.87; 95% CI: 0.60–1.00, DeLong; Figure 6D). A 

control analysis using random gene sets yielded a mean AUC 

of 0.51 (Figure S10), confirming that the signal depends on bio-

logically specific lineage markers.

Second, we addressed the critical question of sampling area, 

exploring the minimal region required to recapitulate our spatially
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Figure 5. Spatially constrained checkpoint signaling associates with response to ICI

(A–C) Example illustrating how checkpoint output from a defined immune cell type varies according to community context in a section of a hot tumor. Specifically, 

these panels show the distribution of PDL1 transcripts in M1 macrophages across endothelial-rich and endothelial-poor communities, quantified as the relative 

share of PDL1 expression contributed by these two community types. (A) Overlay of endothelial-rich and endothelial-poor communities (left), followed by an 

overlay of endothelial cells (green), M1 macrophages (purple), and all other cell types (white) (right). Scale bars, 1 mm. (B) Overlay of normalized PDL1 expression, 

followed by a barplot showing the relative contribution of PDL1+ M1 macrophages in endothelial-rich and endothelial-poor communities within that tissue 

section. Scale bar, 1 mm. (C) The same relative contributions shown in (B), quantified across whole tissue sections from all ICI-treated samples and stratified by 

response (n = 11). Boxplots show the median, interquartile range, and 1.5× interquartile range whiskers; points represent individual patients. Statistical sig-

nificance was assessed using two-sided Wilcoxon rank-sum tests comparing endothelial-rich and endothelial-poor community contexts within each response 

group, followed by Benjamini-Hochberg correction. ns, adjusted p > 0.05; *adjusted p < 0.05.

(D–G) Circular networks of the significant differences in magnitude, as calculated by Cohen’s d, of the relative contribution of immune marker expression in 

relevant cell types by cell-rich and cell-poor communities in responders (top) or non-responders (bottom) for PDL1 and PD1 (D), CTLA4 and CD86 (E), LAG3 (F), 

and TIM3 (G). Nodes labeled as ‘‘community’’ are colored light brown, while the other nodes are colored based on the cell types relevant for each immune marker. 

Edge colors denote the direction of spatial enrichment: steel blue indicates that the proportion of expression is higher in cell-type-rich than in cell-type-poor 

communities, whereas magenta indicates that the proportion of expression is higher in cell-type-poor than in cell-type-rich communities. Edge widths indicate 

the magnitude of the association based on absolute Cohen’s d. Statistical significance was assessed using two-sided Wilcoxon rank-sum tests comparing cell-

type-rich and cell-type-poor community contexts within each response group, followed by Benjamini-Hochberg correction; only significant contrasts with 

adjusted p < 0.05 are displayed.

10 Cell Reports Medicine 7, 102878, July 21, 2026

Article
ll

OPEN ACCESS



A

B

C

D

E F

G H

Figure 6. A practical roadmap for clinical research deployment of spatial Xenium biomarkers

(A) Predictive performance (AUC) for the median minimum distance of each immune and stromal cell type to epithelial (cancer) cells within a 200-μm neigh-

borhood, across the full Xenium dataset. Orange dots indicate cell types with larger distances in responders; cyan dots indicate cell types with shorter distances 

in responders. AUC values and 95% confidence intervals were calculated using the DeLong method.

(B) Leave-one-out LASSO feature selection stability showing the frequency of each cell type’s selection as a predictive feature.

(legend continued on next page)
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informed findings from the original (approximate) 5 × 5-mm re-

gion per patient. We simulated clinical sampling constraints by 

randomly selecting 50 fields of view (FOVs) per sample at diam-

eters of 3, 2, and 1 mm, ensuring adequate epithelial content and 

tissue coverage. Using ground-truth cell-type annotations, the 

median shortest CD8 + T cell-to-cancer distance within 3-mm 

FOVs closely recapitulated full-sample predictive performance 

for therapy response (mean AUC = 0.93; Figure 6E), with typical 

per-FOV 95% confidence bounds spanning approximately 0.79– 

1.00 (DeLong). Smaller sampling areas showed a measurable 

loss of predictive signal: 2-mm and 1-mm FOVs yielded lower 

mean AUCs of 0.85 and 0.83, respectively (p < 0.001), with corre-

spondingly wider per-FOV confidence ranges (mean CI 

bounds ≈0.61–1.00 and 0.57–1.00). These results indicate that 

spatial biomarker performance degrades with restricted tissue 

area, although substantial discriminative information is retained 

even at 1- to 2-mm scales. Visual inspection confirmed that 

1-mm regions frequently failed to capture the relevant CD8 + infil-

tration heterogeneity observed at the whole-sample level 

(Figure 6F), leading to high intra-sample variance (Figures 6G 

and 6H).

In conclusion, while the specific parameters identified here 

(CD8-cancer distance, ≥77 genes, FOV ≥3 mm in diameter) 

are intrinsic to this therapeutic setting, the optimization pathway 

itself is generalizable. These data explicitly demonstrate that 

standard 1-mm TMAs may be underpowered to validate spatial 

neighborhood metrics. By rigorously defining the minimum infor-

mation content required to preserve the signal of interest before 

designing a validation cohort, this framework provides a road-

map for moving from exploratory spatial profiling to scalable, 

statistically powered clinical trials.

DISCUSSION

The DUTRENEO trial represents one of the few prospective, 

biomarker-driven randomized studies in MIBC. While the primary 

endpoint was not met, demonstrating that the 18-gene TIS 

signature did not provide sufficient resolution to improve patient 

selection for neoadjuvant immunotherapy compared with 

chemotherapy, 15 the study generated the largest single-cell 

spatial transcriptomics dataset in a clinical bladder cancer 

cohort to date. This allowed us to perform a ‘‘molecular autopsy’’ 

of the trial, revealing that the failure of bulk inflammation bio-

markers stems from their inability to resolve the spatial architec-

ture of immune response. We show that while bulk signatures 

can detect the presence of immune cells, they are blind to the

barriers, such as fibroblast-mediated exclusion and excessive 

immune-to-tumor distances, that ultimately dictate efficacy. 

These findings extend the immune phenotype framework estab-

lished in bladder cancer by Mariathasan et al., 13 who showed 

that stromal exclusion and fibroblast TGF-β activity are associ-

ated with ICI resistance and concluded that much of the spatial 

biology of bladder cancer remains to be characterized at higher 

resolution.

The pCR rates observed in this study align with recent 

unselected neoadjuvant ICI trials, 11,12 confirming that TIS-

based stratification did not enrich responders. Our spatial anal-

ysis explains why: the ‘‘inflamed’’ phenotype captured by bulk 

RNA-seq is architecturally distinct in responders vs. non-re-

sponders. In responders, immune signaling is spatially con-

strained, characterized by the infiltration of CD8 + T cells into 

epithelial neighborhoods and the localized co-expression of 

checkpoints (e.g., CTLA4 and PD1) within specific fibroblast-

poor niches. In contrast, non-responders display a diffuse 

signaling topology, where inflammatory markers are widely ex-

pressed but physically sequestered away from cancer cells by 

stromal barriers. Crucially, standard PDL1 IHC failed to capture 

these nuances.

Importantly, this limitation of IHC is not simply a matter of 

marker choice but reflects a fundamental constraint of low-

plex spatial readouts. In our data, accurate preservation of 

CD8 + T cell and epithelial annotations, and of the resulting 

CD8-cancer distance metric, required multi-gene annotation 

panels on the order of ∼77 genes. This finding indicates that sin-

gle-plex or low-plex IHC, while indispensable for clinical prac-

tice, is unlikely to fully recapitulate the cell identity fidelity and 

neighborhood structure required to quantify proximity-based 

spatial biomarkers. Thus, multi-gene spatial profiling is likely 

not merely additive but probably necessary to capture the archi-

tectural information underlying immune efficacy. These findings 

suggest that the next generation of biomarkers must move 

beyond quantifying how much inflammation is present to char-

acterizing where it is located, 22–27 supporting the shift toward 

‘‘functional spatial biomarkers.’’ 28,29

The landscape of neoadjuvant therapy is rapidly evolving, with 

the recent NIAGARA study establishing perioperative durvalu-

mab plus chemotherapy as a standard 7 and emerging data sup-

porting enfortumab vedotin plus pembrolizumab. 30 However, 

the shift toward these potent combinations does not obviate 

the need for biomarkers; rather, it demands more precise tools 

to spare patients unnecessary toxicity and identify those unlikely 

to respond to specific modalities. We propose that the

(C) Annotation accuracy (AUC) for matching reduced-gene-panel SingleR cell-type labels to ground-truth labels from the full 377-gene panel, for CD8 + T cells and 

epithelial cells. AUC values and 95% confidence intervals were calculated using the DeLong method.

(D) Predictive performance (AUC) of the median CD8 + T cell-to-cancer minimum distance for treatment response when annotations are derived from downsized 

gene panels. Dashed red line marks the inflection point. AUC values and 95% confidence intervals were calculated using the DeLong method.

(E) Predictive performance (AUC) of the median CD8 + T cell-to-cancer minimum distance for treatment response within randomly selected fields of view (FOVs) of 

3 mm, 2 mm, and 1 mm in diameter (50 per sample) using ground-truth annotations. Each point represents the AUC calculated from one randomly sampled FOV 

set. Boxplots show the median, interquartile range, and 1.5× interquartile range whiskers. Dashed red line marks the ground-truth AUC from the full Xenium 

regions. Statistical significance was assessed using pairwise two-sided Wilcoxon rank-sum tests. ns, p > 0.05; ***p ≤ 0.001; ****p ≤ 0.0001.

(F–H) Examples of spatial heterogeneity in CD8 + T cell-to-cancer distances at the 1-mm FOV scale. (F) Whole-sample view for one example tumor showing 

epithelial cells (blue), CD8 + T cells (red), and other cell types (dark blue); distribution of minimum distances is shown to the right of the sample. Scale bar, 1 mm. (G) 

Representative 1-mm FOV from the same tumor with denser CD8 + T cell infiltration. (H) Another 1-mm FOV with sparser CD8 + T cell infiltration from the same 

sample. Circular FOVs in (G and H) are 1 mm in diameter. Dashed black lines mark the median minimum distances.
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architectural constraints identified here, specifically fibroblast-

mediated exclusion and physical immune isolation, are funda-

mental biological barriers that are likely to impact the efficacy 

of any PD-1/PDL1-based backbone, regardless of the combina-

tion partner. For example, the ‘‘cold’’ luminal tumors that re-

sponded preferentially to chemotherapy in our control arm 

represent a distinct biological entity that may require different 

therapeutic strategies than the ‘‘immune-excluded’’ phenotype. 

Spatial profiling offers a framework to disentangle these mecha-

nisms, potentially guiding the integration of antibody-drug conju-

gates, chemotherapy, and ICI in future decision-making.

A major challenge in the field is bridging the gap between high-

plex discovery and clinical implementation. Recent perspectives 

emphasize that the critical bottleneck is identifying the ‘‘mini-

mum information’’ needed to stratify patients and optimizing 

‘‘low-plex’’ panels that are economically viable. 29 Furthermore, 

current validation efforts often default to TMAs with restricted 

sampling areas (∼1-mm cores), potentially underpowering 

spatial analysis. Our study directly addresses these challenges 

by providing a quantitative framework for ‘‘target panel cura-

tion.’’ We demonstrate that 1-mm cores fail to reproduce the 

spatial signals observed in whole-tissue analysis, leading to 

high intra-sample variance. To overcome this, we estimated 

practical design parameters for evaluating the CD8 + T cell prox-

imity signature, identifying that annotation panels of approxi-

mately 77 genes and tissue sampling diameters of ∼3 mm 

were sufficient to retain most of the predictive signal in this data-

set. These thresholds provide the field with an empirically 

derived roadmap for designing scalable, statistically powered 

validation cohorts.

In summary, the DUTRENEO trial provides a definitive pro-

spective test of the TIS biomarker, demonstrating that bulk 

gene signatures are insufficient to guide patient selection in 

this setting. By combining this clinical result with a high-resolu-

tion molecular autopsy, we reveal the architectural constraints 

of immunotherapy response and provide a rigorous, data-driven 

roadmap for designing the next generation of spatially informed 

clinical trials.

Limitations of the study

Several limitations should be considered when interpreting our 

results. The spatial analyses presented here are associative 

and exploratory and are not intended to define an immediately 

deployable clinical biomarker. Rather, they aim to provide a 

framework for understanding why bulk inflammation-based bio-

markers fail and how spatial features may inform future 

biomarker design. Xenium profiling was performed on pretreat-

ment TURBT specimens, which may not fully capture residual 

disease biology at the time of systemic therapy, and each assay 

samples only a portion of the tumor area. In addition, the tar-

geted gene panel, while enriched for immune and epithelial pro-

grams, cannot resolve all phenotypic states. Finally, spatial as-

sociations were derived from patient-level summaries and do 

not establish causality. Nevertheless, the persistence of the 

CD8-tumor distance association among TIS-high tumors sup-

ports the added value of spatial organization beyond immune 

abundance alone.

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be 

directed to and will be fulfilled by the lead contact, Francisco X. Real (freal@ 

cnio.es).

Materials availability

This study did not generate new unique reagents.

Data and code availability

• Xenium raw data have been deposited at Zenodo as https://doi.org/10. 

5281/zenodo.19693316. Bulk RNA-seq and WES raw data have been 

deposited at SRA under GSE328930 and PRJNA1458521 accession 

numbers, respectively. All data are publicly available as of the date of 

publication.

• The scripts used to generate the Xenium results have been deposited at 

Zenodo as https://doi.org/10.5281/zenodo.19608038 and are publicly 

available as of the date of publication.

• Any additional information required to reanalyze the data reported in this 

paper is available from the lead contact upon request.
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Laugé , C., Catteau, A., Boquet, I., Majdi, A., et al. (2023). Immunoscore im-

mune checkpoint using spatial quantitative analysis of CD8 and PD-L1 

markers is predictive of the efficacy of anti- PD1/PD-L1 immunotherapy 

in non-small cell lung cancer. EBioMedicine 92, 104633.

28. Gong, D., Arbesfeld-Qiu, J.M., Perrault, E., Bae, J.W., and Hwang, W.L. 

(2024). Spatial oncology: Translating contextual biology to the clinic. Can-

cer Cell 42, 1653–1675.

29. Engblom, C., and Lundeberg, J. (2025). Putting cancer immunotherapy 

into spatial context in the clinic. Nat. Biotechnol. 43, 471–476.

30. Vulsteke, C., Adra, N., Danchaivijitr, P., Sabadash, M., Rodriguez-Vida, A., 
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

PD-L1 rabbit monoclonal antibody (clone 

E1L3N)

Cell Signaling Technology Cat#13684

Biological samples

Human FFPE pre-treatment TURBT tumor 

specimens from DUTRENEO trial participants

This paper; participating hospitals DUTRENEO clinical trial; EudraCT: 2017-

002246-68

Critical commercial assays

Covaris truXTRAC FFPE total NA kit Covaris N/A

QuantSeq 3 ′ mRNA-Seq Library Prep Kit (FWD) 

for Illumina

Lexogen Cat#015

Xenium Decoding Consumables (1 run, 2 slides) 10x Genomics Cat#1000487

Xenium Decoding Reagents (1 run, 2 slides) 10x Genomics Cat#1000461

Xenium Slides & Sample Prep Reagents 

(2 slides, 2 rxns)

10x Genomics Cat#1000460

Xenium Human Multi-tissue and Cancer Panel 

(377 genes)

10x Genomics Cat#1000629

Deposited data

DUTRENEO: bulk biomarker-guided therapy 

selection and spatially resolved profiling of 

immunotherapy response in muscle-invasive 

bladder cancer. Xenium Data.

This paper https://doi.org/10.5281/zenodo.19606472

DUTRENEO: bulk biomarker-guided therapy 

selection and spatially resolved profiling of 

immunotherapy response in muscle-invasive 

bladder cancer. Bulk RNA-Seq Data.

This paper GSE328930

DUTRENEO: bulk biomarker-guided therapy 

selection and spatially resolved profiling of 

immunotherapy response in muscle-invasive 

bladder cancer. WES Data.

This paper PRJNA1458521

Software and algorithms

Varca pipeline CNIO Bioinformatics Unit https://github.com/cnio-bu/varca

NIS-Elements Nikon RRID:SCR_014329

Genome Analysis Toolkit (GATK) Best Practices 

workflow

Broad Institute https://gatk.broadinstitute.org/

BWA aligner SourceForge project https://bio-bwa.sourceforge.net/

Mutect2 Broad Institute https://gatk.broadinstitute.org/hc/en-us/

articles/360037593851-Mutect2

vcf2maf Memorial Sloan Kettering Cancer Center https://github.com/mskcc/vcf2maf

maftools (R package) Bioconductor https://bioconductor.org/packages/maftools

STAR aligner GitHub https://github.com/alexdobin/STAR

UMI-tools UMI-tools project https://umi-tools.readthedocs.io/

featureCounts Subread package https://subread.sourceforge.net/

DESeq2 (R package) Bioconductor https://bioconductor.org/packages/DESeq2

Seurat Satija Lab v5; https://satijalab.org/seurat/

Xenium Analyzer software 10x Genomics v1.5.0.3

SingleR (R package) Bioconductor https://bioconductor.org/packages/SingleR

dbscan (R package) CRAN https://cran.r-project.org/package=dbscan

ClusterR (R package) CRAN https://cran.r-project.org/package=ClusterR 

(Continued on next page)
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Study participants

The multicenter DUTRENEO phase 2 trial included patients with cT2–T4a and/or N1+ urothelial bladder cancer, residual disease after 

TURBT, no distant metastasis, ECOG 0–1, and cisplatin eligibility according to Galsky’s criteria. Pre-treatment FFPE TURBT spec-

imens were used for molecular stratification and spatial analyses. Among 101 screened patients, 73 received treatment. The treated 

cohort had a median age of 66 years and was predominantly male. All participants provided written informed consent. The trial was 

approved by the Ethics Committee of Hospital Universitario Ramó n y Cajal (EudraCT 2017-002246-68).

METHOD DETAILS

Study population and trial design

Figure 1A shows the study design. DUTRENEO is a multicenter, open-label, study aimed to assess the value of molecular patient 

stratification to improve treatment selection in patients with muscle-invasive bladder cancer. In addition, the study aims to compare 

the antitumor activity of tremelimumab and durvalumab in comparison with standard platinum-based NAC in patients with high 

inflammatory scores. Patients were eligible if they had urothelial muscle-invasive bladder cancer defined by cT2-T4a and/or lymph 

node involvement (N1+) staging with residual disease after TURBT, no evidence of distant metastasis and fit to receive a cisplatin-

based treatment by Galsky’s criteria. 31 Additional inclusion criteria included Eastern Cooperative Oncology Group performance sta-

tus of 0 or 1, absence of previous chemotherapy for muscle-invasive disease, adequate blood counts and liver function - including a 

calculated creatinine clearance of >40 mL/min - and HbA1c ≤ 8%. Main exclusion criteria were histology of pure adenocarcinoma, 

pure squamous cell carcinoma, or predominant small cell carcinoma or sarcomatoid features and evidence of distant metastasis. 

Current or prior use of immunosuppressive medication for an immune-related disease was also considered an exclusion criterion. 

The DUTRENEO trial employed a Simon two-stage design with a prespecified pCR threshold for expansion. As this threshold was 

not reached, the trial did not proceed to the second stage.

Based on an estimated positivity rate of the TIS in half of the patients and to detect an improvement in pCR rate from 30% with 

standard cisplatin-based chemotherapy up to 50% with durvalumab + tremelimumab (α: 0.1; β: 0.1). It was considered that 22 

patients in each arm would be needed in a first phase. If at least 8 pCR were observed among the first 22 patients recruited in the 

investigational ICI arm, 24 additional patients would be subsequently recruited in the ICI arm. A dropout rate of 10% was assumed, 

therefore the total sample size needed to fulfill the objectives of the trial were 99 patients. A prospective and centralized TIS based on 

18-gene IFN-g signaling-related expression (see results) was obtained on TURBT samples to classify patients. One-hundred-one 

patients were screened for study eligibility. Of them, 28 resulted in screening failures [concurrent metastases (5); abnormal blood 

chemistries (2); abnormal QT interval (3); insufficient tumor sample to assess TIS (2); intercurrent infection (1); later refusal to partic-

ipate (3); others (12, including 8 patients for which a slot was not available in the corresponding treatment arm)].

To establish a threshold to categorize tumors as TIS+ vs. TIS-, we used TURBT samples (n = 65) from a retrospective series of 

patients with MIBC who received cisplatin-based NAC in two hospitals participating in the DUTRENEO trial. The NanoString 

nCounter platform was used and TIS scoring was carried out following an established algorithm. A threshold that discriminated 

the samples with the lowest 30% scores was established to reach a balance between case enrichment and recruitment rate 

feasibility.

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

glmnet (R package) CRAN https://cran.r-project.org/package=glmnet

pROC (R package) CRAN https://cran.r-project.org/package=pROC

ggplot2 (R package) tidyverse/CRAN https://ggplot2.tidyverse.org/

ComplexHeatmap (R package) Bioconductor https://bioconductor.org/packages/

ComplexHeatmap

ggraph (R package) CRAN https://cran.r-project.org/package=ggraph

igraph (R package) CRAN https://igraph.org/r/

BioRender BioRender https://www.biorender.com/

Inkscape Inkscape Project https://inkscape.org/

Deposited Code This paper https://doi.org/10.5281/zenodo.19608038

Other

NanoString nCounter platform NanoString Technologies N/A

Xenium Analyzer instrument 10x Genomics N/A
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Subjects whose tumors were classified as cold were offered standard platinum-based NAC with gemcitabine 1250 mg/m2 on days

1 and 8, and cisplatin 70 mg/m2 on day 1, every 3 weeks for a total of three cycles or dose dense-MVAC with methotrexate 30 mg/m2 

on day 1, vinblastine 3 mg/m2 on day 2, doxorubicin 30 mg/m2 on day 2, and cisplatin 70mg/m2 on day 2 with associated granulocyte 

colony-stimulating factor (G-CSF) from day 3 to day 9, every 2 weeks for a total of four cycles, according to investigator’s choice. 

Patients whose tumors were classified as hot were randomized to receive either standard cisplatin-based NAC as mentioned above, 

according to investigator’s choice, or the combination of durvalumab (1500 mg) and tremelimumab (75 mg) intravenously every

4 weeks for a total of three cycles before surgery. A cystectomy was requested to be performed 4 to 8 weeks after the end of neo-

adjuvant treatment. The primary endpoint was pCR, defined as no evidence of residual disease based on independent pathological 

review of the surgical specimen of durvalumab plus tremelimumab arm in comparison with standard NAC after cystectomy in the 

intention-to-treat population (pCR = ypT0N0). The presence of carcinoma in situ (CIS) in the cystectomy specimen was considered 

residual disease and not compatible with pCR (ypT0N0). Secondary endpoints included disease-free survival, overall survival, and 

safety profile. Follow-up after surgery was performed following ESMO guidelines rules and site protocols.

The sponsor of the study was the CRIS Cancer Foundation (https://criscancer.org/en/), thanks to an unrestricted independent 

grant from Astra Zeneca. The study was conducted in accordance with Good Clinical Practice Guidelines and the Declaration of Hel-

sinki and in accordance with the applicable regulatory requirements, in particular the ICH tripartite harmonized standards for good 

clinical practice 1996 and the Royal Decree of Clinical Trials 1090/2015, by which clinical trials with medicinal products are regulated 

in Spain, which fully incorporates the Regulation (EU) No 536/2014 of the European Parliament and of the Council of 16 April 2014.

All patients signed the informed consent form to be enrolled in the trial, approved by the Ethics Committee of the Hospital Univer-

sitario Ramó n y Cajal on September 03, 2018 (EudraCT number: 2017-002246-68).

Immunohistochemical assays

Blocks from pre-treatment FFPE tumor samples were obtained from the participating hospitals. Sections (4 micron) were deparaffi-

nized and stained in a centralized laboratory with primary antibodies detecting PD-L1 (rabbit monoclonal antibody E1L3N, Cell 

Signaling Technologies, #13684). Immunostaining scoring was performed blindly by an expert pathologist (AA), following standard 

protocols used for patient selection in the clinical setting. 32

Whole exome sequencing

H-E sections from pre-treatment FFPE TURBT samples were used to select areas with a high tumor cellularity (>60%). The same 

tumor regions were selected for macrodissection for WES and RNA-Seq. Data from tumor samples were analyzed from FASTQ files 

using Varca pipeline in tumor-only mode (https://github.com/cnio-bu/varca). This pipeline implements GATK Best-practices work-

flow. 33 Briefly, reads were aligned to hg38 reference genome using BWA aligner and somatic mutations were called using Mutect2. 34 

VCF files were filtered using an hg38 panel of normal samples for both exomes and whole genomes generated from the 1000 Ge-

nomes Project and annotated and transformed to Mutation Annotation Format (MAF) with vcf2maf. 35 Downstream analyses were 

carried out using R package maftools. 36 Due to the high degree of noise derived from FFPE tumour-only samples and the relatively 

small sample size in each group, we filtered the dataset using somatic mutations included in cBioportal 37 (bladder cancer datasets) to 

focus on the top mutated genes.

Bulk RNA-seq and bioinformatics analysis

RNA was extracted using the Covaris truXTRAC FFPE total NA kit; RNA quality was assessed using bioanalyzer. Total RNA was con-

verted into cDNA sequencing libraries with the ‘‘QuantSeq 3‘ mRNA-Seq Library Prep Kit (FWD) for Illumina’’ (Lexogen, Cat.No. 015). 

Briefly, library generation was initiated by reverse transcription with oligodT priming, followed by a random-primed second strand 

synthesis. A UMI Second Strand Synthesis module was used, whereby random primers featured a 6 nucleotide long Unique Molec-

ular Identifier 5’ tag to be addressed at data analysis. Sequencing was performed using an Illumina NextSeq 550 instrument. Reads 

were aligned to GRCh38 genome using STAR aligner. UMIs were extracted and demultiplexed using UMI-tools software 38 to improve 

transcript quantification and correct for PCR artifacts related to poor-quality samples. Transcript quantification was carried out with 

featureCounts and differential expression analysis was done using DEseq2 package. 39 Molecular subtype calls were based on the 

consensus molecular classification of MIBC. 20

Spatial transcriptomics - Xenium in situ gene expression

The Xenium workflow began by sectioning 5μm FFPE tissue sections onto the Xenium slides, according to the ‘‘Xenium FFPE Tissue 

Preparation Guide’’ (CG000578 Rev C, 10X Genomics). Briefly, the sections were cut, floated in an RNAse-free water bath at 42 ◦ , and 

carefully placed onto the capture area of a Xenium slide (PN- 3000941). After sectioning, the slides were incubated at 42 ◦ per 3 h and 

kept in a sealed bag with desiccators at room temperature overnight.

The next day, the slides were incubated at 60 ◦ for 2 h, and were processed following the ‘‘Xenium In Situ for FFPE- Deparaffiniza-

tion and Decrosslinking’’ protocol (CG000580 Rev D, 10X Genomics). After deparaffinization, the Xenium slides were assembled into 

Xenium cassettes, which allow for the incubation of slides on the Xenium Thermocycler Adapter inside a Thermocycler machine with 

a closed lid for optimal temperature control, and a decrosslinking step was performed. The slides were then processed using the 

‘‘Xenium In Situ Gene Expression’’ user guide (CG000582 Rev D, 10X Genomics). After decrosslinking PBS-T washes, the samples
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were incubated at 50 ◦ C overnight for probe hybridization approximately 19 h with the Xenium Human Multi-tissue and Cancer Panel, 

which targets 377 human markers for bladder, breast, colon, heart, kidney, liver, lung, pancreas, etc. This was followed by a series of 

washing steps, a post-hybridization wash, a ligation step, an amplification step and finally the slides were treated with an autofluor-

escence quencher and a nuclei staining. At the end of the third day of sample preparation, the slides were loaded into the Xenium 

Analyzer. The first step in the instrument consists in a sample scan, where images of the fluorescent nuclei in each section are given, 

and these images allow the user to select and determine the regions to be included in the analysis. Each run in the Xenium Analyzer 

lasted 4 days approximately. After that, the instrument was emptied of consumables and the slides carefully removed. PBS-T was 

added to the slides and a post-run H&E staining was performed. We designed experiments to place between 3 and 4 samples per 

Xenium slide, with a total of 6 slides that correspond to 3 Xenium Runs in the Instrument, we were able to process and analyze a total 

of 20 samples.

Post-xenium H&E staining

Slides were processed following post-xenium analyzer H&E protocol (CG000613 Rev A, 10X Genomics) A quencher removal solution 

was prepared immediately before use by dissolving sodium hydrosulfite in Milli-Q water to a final concentration of 10 mM. The slides 

were gently immersed in the quencher removal solution using a slide mailer and incubated for 10 min at room temperature. This was 

followed by three washes in Milli-Q water.

The sections were then stained with Gill’s hematoxylin for 20 min, followed by three washes in Milli-Q water. Bluing solution was 

applied for 1 min, followed by a Milli-Q water wash. The slides were subsequently dehydrated through graded ethanol solutions (70% 

and 95%), counterstained with alcoholic eosin for 2 min, further dehydrated to xylene, and finally mounted with coverslips.

Brightfield histology images were taken using 10X and 20× objectives (Plan APO) on a Nikon Eclipse Ti2, images were stitched 

together using NIS-Elements software (Nikon) and exported as tiff files.

Xenium data preprocessing

Gene expression matrices of all 20 Xenium samples generated by Xenium Analyzer (v1.5.0.3) were imported into Seurat (v5). Cells 

were filtered out if they had less than 4 genes in each sample, thus minimizing false positive downstream cell type assignment as 

a result of potentially imperfect cellular segmentation. Finally, the gene expression in each sample was normalized with the SCTrans-

form function from Seurat.

Cell type assignment

Cells were annotated using the R package SingleR, 40 which performs unbiased identification of cell types in single cell transcriptomics 

data based on built-in reference transcriptomes of pure cell types. In our case, we used the ‘‘BlueprintEncodeData’’ reference dataset 

which included a number of different cell types. To minimize false positive assignments, we restricted the ‘‘main labels’’ of the refer-

ence to cell types that may populate bladder tumors: namely, epithelial cells, fibroblasts, smooth muscle, pericytes, neurons, mono-

cytes, CD4 T cells, CD8 T cells, NK cells, B cells, macrophages, endothelial cells, dendritic cells, neutrophils, and eosinophils.

We ran the singleR function on the ‘‘counts’’ slot with the ‘‘fine labels’’ as the reference cell types. These included the aforemen-

tioned main labels as well as additional subtypes: namely, Tregs, CD4 Tcm, CD4 Tem, CD8 Tcm, CD8 Tem, plasma cells, naive B 

cells, memory B cells, class-switched memory B cells, macrophages M1, macrophages M2, and mv endothelial cells. We assessed 

the quality of assignment with the ‘‘plotScoreHeatmap’’ function from the SingleR package to inspect the confidence of cell clusters 

when assigned to a given (sub)type. Despite the high confidence, the limited number of genes in the Xenium panel led us to adopt a 

more robust approach for downstream analysis by grouping all CD4 subtypes (except for Tregs) under CD4 T cells and those of CD8 

subtypes under CD8 T cells. Moreover, we grouped all B cell subtypes (except plasma cells) under B cells, and ‘‘mv endothelial cells’’ 

under ‘‘endothelial cells’’. Similarly, pericytes and smooth muscles were joined together, whereas neutrophils and eosinophils were 

grouped under ‘‘granulocytes’’. Accordingly, the final list of cell types which we could confidently represent in our Xenium samples 

are: epithelial cells, endothelial cells, fibroblasts, smooth muscle, neurons, granulocytes, monocytes, CD4 T cells, Tregs, CD8 T cells, 

NK cells, B cells, plasma cells, macrophages, macrophages M1, macrophages M2, and DCs. Cells that had a low confidence score 

by SingleR were labeled ‘‘unassigned’’. Finally, we ran differential expression analysis for the final labels on the SCT-normalized, 

merged Xenium data of all 20 samples, using the FindAllMarkers with the default ‘‘wilcox’’ test. This provided complementary evi-

dence for the confidence of the assigned cell types, where some of the classical or known markers could be clearly associated 

with the corresponding cell type (e.g., EPCAM/KRTs for epithelial cells, CD3D/CD8A for CD8 + T cells, MS4A1 for B cells, 

PECAM1 for endothelial cells, etc.).

Cell-to-cell distance and neighborhood analysis

To calculate the median nearest-neighbor distance of each cell type to epithelial cells in each of the Xenium samples, we used the 

frNN function from the ‘‘dbscan’’ R package. We first established a 200-μm radius around each epithelial cell and calculated the dis-

tance of the nearest-neighboring cell type to each epithelial cell within that radius. Then, we took the median nearest-neighbor dis-

tance of each cell type to all epithelial cells within a sample. As for the neighborhood analysis, we counted the number of cells of any 

given type within a 25 μm radius of each cell (as justified in Figure S7C), yielding a neighborhood count matrix for each sample 

(Figure 3A). Next, we used MiniBatchKmeans function from the R package ‘‘ClusterR’’ (batch_size = 500, max_iters = 500) to get
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the total within-cluster sum of squares (wcss) to determine an optimum number of clusters for each sample’s neighborhood matrix 

using the elbow method (Figure S8). We performed k-means clustering on the neighborhood matrix with the kmeans function in base 

R, based on the selected number of clusters ‘‘k’’ (i.e., communities) for each sample.

To establish if a community is ‘‘rich’’ (enriched), ‘‘neutral’’, or ‘‘poor’’ (depleted) in any given cell type, we first created Seurat objects 

(specifying min.feature = 1) for each of the neighborhood count matrices and normalized them with SCTransform. Then, we set the 

clusters (communities) as the identity in these objects, and ran FindAllMarkers function from Seurat (test.use = ‘‘wilcox’’, logfc. 

threshold = 0, min.pct = 0, and min.diff.pct = 0) on the normalized neighborhood cell type assay. To systematically represent the 

enrichment status of each cell type within at least one community across all samples for downstream analysis, we adopted a lenient 

classification approach. Specifically, avg_log2FC values greater than, equal to, or less than zero were categorized as ‘‘rich’’, ‘‘base-

line’’, or ‘‘poor’’, respectively.

Whole-sample proximity analysis

We quantified the predictive value of spatial proximity between immune cell populations and epithelial (cancer) cells across the entire 

Xenium dataset. For each sample, we extracted cell centroids from the Xenium segmentation output and linked them to SingleR-

based fine-label annotations (BlueprintEncode reference; see cell type assignment). Using the dbscanfrNN function (eps = 

200 μm) in R, we identified all neighboring cells within a 200 μm radius of each index cell. Each neighbor pair was annotated with 

the reference cell type and the neighbor cell type. We then computed, for every unique triplet (reference, neighbor, and cell ids), 

the minimum Euclidean distance between the reference cell and any neighbor of the given type. We restricted this table to Epithelial 

cells as reference ids and each immune population as neighbor ids, then calculated the median minimum distance per sample for 

each reference-neighbor combination. Predictive performance for clinical response (CR/PR vs. NR) was quantified using the area 

under the ROC curve (AUC; pROC package). For stability analysis, we performed a leave-one-out (LOO) outer loop. In each LOO 

fold, we fit a binomial LASSO (glmnet, alpha = 1) on the training samples with 5-fold cross-validation to select λ (lambda.min), refit 

at that λ on the training set, and recorded features with non-zero coefficients (excluding the intercept). Selection frequency was 

defined as the percentage of LOO folds in which each feature was selected.

Gene panel downsizing for annotation

We evaluated whether the predictive biomarker could be retained when the number of genes used for cell type annotation was sys-

tematically reduced. Reduced panels were generated from a precomputed differential expression analysis table containing, for each 

broad category (CD8 + T-cells, Epithelial cells, Others), the adjusted p-value (p_val_adj), log 2 fold-change (avg_log2FC), and detection 

rate differences (pct.1, pct.2). Genes were ranked within each category by a composite score:

score = -log 10 
( 
padj + 10 -10

) 
x 
⃒
⃒ avg log2FC 

⃒
⃒ x (pct:1 - pct:2):

The DEA contained a maximum of 87, 67, and 312 unique genes for CD8, Epithelial, and Others, respectively (total = 466 containing 

shared DE genes between the 3 groups; total unique = 377). We targeted a descending sequence of total panel sizes {377, 362, 347, 

…17} in 15-gene steps. For each target size T, we allocated category quotas in proportion to their full-panel representation:

nCD8 = T x 87=377; nEpithelial = T x 67=377; nOthers = T - nCD8 - nEpithelial

Top-ranked genes were selected per category, excluding any already selected from previous categories (CD8 excluded from Epi; 

CD8+Epi excluded from Others). The union of category selections defined the panel for that T. Because of cross-category overlap 

and exclusion rules, the realized panel size could differ slightly from T; panels are denoted in figures by their realized size. For each 

downsized panel, SingleR (fine labels) was rerun on the Xenium counts matrix filtered to the selected genes (the reference remained 

unchanged). Fine labels were collapsed post hoc to CD8 + T-cells, Epithelial cells, and Others. Annotation accuracy was computed as 

the AUC for matching downsized labels to the 377-gene ground truth. Using these downsized annotations, we recomputed the 

spatial biomarker (median CD8→Epithelial minimum distance) and its AUC versus clinical response.

Regarding the control analysis, we generated 50 random 17-gene panels by sampling without replacement from the set of 45 

genes discarded between N377 and N332. Each random panel was processed identically to the downsized panels to yield a null dis-

tribution of AUCs.

Field-of-view (FOV) downsizing

To simulate reduced tissue area, we identified candidate circular FOVs of radii 1500 μm (3 mm diameter), 1000 μm (2 mm), and 

500 μm (1 mm) within each sample using centroid coordinates and segmentation polygons from the Xenium outputs. For each radius, 

2000 random circle centers were tested, and a candidate was retained if: 1) total cells ≥200; 2) epithelial cells ≥30; 3) cell area 

coverage ≥40% of circle area. From the candidate set, 50 FOVs were randomly selected per radius per sample. All cells within 

each FOV were identified by centroid inclusion. Using ground truth annotations, we recalculated the CD8 + T cell–to–epithelial median 

minimum distance for each FOV. The AUC for treatment response prediction was computed separately for each of the 50 FOVs. For 

qualitative illustration, we visualized the segmentation boundaries overlaid with cell type annotations (Seurat’s ImageDimPlot) for one 

full sample and two 1 mm FOVs, and plotted the distributions of CD8→Epithelial minimum distances for each region.
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Graphical figures

Individual panels with statistical data were generated with the R packages ‘‘ggplot2’’, ‘‘pheatmap’’, ‘‘ComplexHeatmap’’. Circular 

network plots were generated with the R packages ‘‘ggraph’’ and ‘‘igraph’’. Figures 1A, 3A, and 3B were generated using 

BioRender, and all individual panels were put together using Inkscape.

QUANTIFICATION AND STATISTICAL ANALYSIS

Clinical trial analyses

The primary clinical endpoint was pathological complete response (pCR; ypT0N0 in the randomized TIS-high arm). Secondary end-

points included pathological downstaging, progression-free survival (PFS), and overall survival (OS). For all translational analyses, 

patients were classified as responders or non-responders based on the presence or absence of pathological downstaging, regard-

less of whether they achieved pCR. Categorical variables, including pCR, downstaging, and baseline clinical characteristics, were 

compared using Chi-Square test or Fisher’s exact test (when expected cell counts were <5), accordingly, with effect sizes estimated 

as odds ratios and 95% confidence intervals (CI). Continuous baseline variables (e.g., age) were compared using two-sided, two-

sample t-tests when normally distributed or Wilcoxon rank-sum tests otherwise. Survival curves for PFS and OS were generated 

separately, and the log rank test was used to compare the three treatment arms. Associations between clinical covariates and sur-

vival outcomes were estimated using univariable and multivariable Cox proportional hazards models, performed separately for PFS 

and OS. Multivariable models included treatment arm, age, gender, T stage, nodal status, and smoking history as prespecified co-

variates; hazard ratios with 95% CI are reported for each. All tests were two-sided with α = 0.05.

Xenium analyses

All Xenium-derived spatial measurements were aggregated to patient-level summary values to ensure independence of observa-

tions. Group differences in continuous spatial quantities, including median nearest-neighbor distances, ligand-receptor niche co-

expression scores, and community-level marker contributions, were evaluated using two-sided Wilcoxon rank-sum tests unless 

otherwise indicated. For analyses shown in Figures 2C, 4A, and 4B, the corresponding raw p-values are reported. For the checkpoint 

compartmentalization analysis shown in Figure 5, comparisons were performed within each response group by testing marker-

expression contributions in cell-type-rich versus the corresponding cell-type-poor community contexts using two-sided Wilcoxon 

rank-sum tests. P-values were adjusted for multiple testing using the Benjamini–Hochberg procedure; only contrasts with FDR 

<0.05 were considered significant and displayed in the circular networks.

Effect size estimation using Cohen’s d

Cohen’s d was used as a standardized effect size to quantify the magnitude and direction of contrasts in two distinct analytical 

contexts.

1. Responder vs. non-responder contrasts. These effect sizes allowed direct comparison across heterogeneous spatial metrics 

and complemented non-parametric hypothesis tests by highlighting biologically meaningful differences that may not be fully 

captured by p-values alone.

2. Cell-rich vs. cell-poor community contrasts within each response group. In the checkpoint compartmentalization analyses 

(Figure 5), Cohen’s d quantified the extent to which marker expression from a specific cell type was biased toward cell-

type–rich versus cell-type–poor spatial communities, separately in responders and non-responders.

For each marker–cell-type–community pair, we compared (1) the proportion of marker expression contributed by cell-rich com-

munities, and (2) the proportion contributed by cell-poor communities across patients within a response group. Cohen’s d captured 

both the direction of spatial enrichment (rich > poor or poor > rich) and its magnitude. Statistical significance for these within-group 

community contrasts was assessed using paired comparisons with Benjamini–Hochberg FDR correction, and only significant con-

trasts (FDR <0.05) were displayed in circular network visualizations. In these figures, edge width encodes |Cohen’s d| and edge color 

distinguishes enrichment toward cell-rich (steel blue) or cell-poor (magenta) communities. These visualizations are descriptive sum-

maries of spatial bias, not outputs of correlation tests or network inference models.

ROC analyses

The discriminative ability of spatial biomarkers, particularly the median CD8 + T cell–to–cancer minimum distance, was evaluated us-

ing receiver operating characteristic (ROC) curves and the AUC. AUC is a non-parametric measure equivalent to the Mann-Whitney U 

statistic and quantifies the probability that a randomly chosen responder has a more favourable biomarker value than a non-

responder. AUC values and 95% CI were calculated using the DeLong method. These ROC-based analyses were applied consis-

tently across the gene-panel downsizing and area-downsizing experiments, in which AUCs and their DeLong confidence intervals 

were used to quantify how annotation depth and sampling area affect biomarker performance.
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