Supplementary information


High-definition spatial transcriptomics visualizes the cellular and molecular architecture underlying perineural invasion in localized prostate cancer
Paul Vinu Salachan1,2, Line Raaby1,3, Jacob Fredsøe1,2, Benedicte Ulhøi3, Michael Borre1,4, Karina D. Sørensen1,2
1Department of Clinical Medicine, Aarhus University
2Department of Molecular Medicine, Aarhus University Hospital
3Department of Pathology, Aarhus University Hospital
4Department of Urology, Aarhus University Hospital




Supplementary Figures
[image: ]
Figure S1. A-B) Expression of the nerve marker genes S100B (A) and SOX10 (B) in the Visium HD tissue sample. C) Co-localization of S100B and SOX10 expressing bins. D) Kernel density distribution showing the distance of bins in each cluster to the nearest manually annotated invaded-nerve bin in micrometer. Cluster 22 is highlighted in dark orange. E) Differentially expressed genes in cluster 22 compared to the rest. F) Spatial localization of the annotated tumor bins. Manually annotated PNI region is shown in yellow. G) Boxplots showing pseudotime values in different transcriptomic clusters. H) Spatial localization of different spatial niches within the PNI sample. Manually annotated PNI region is shown in yellow. I) Spatial localization of macrophages, CD4+ T-cells, and endothelial cells within Niches 1, 2, and 3. J-K) Mean normalized expression of APP (J) and CD74 (K) genes in IN (n=542) and NIC (n=951). Error bars denote the standard error of mean. L) Androgen response (AR) score for patients enriched (n=49) vs. depleted (n=46) for the NIC-associated gene signature in the SU2C cohort. PNI, perineural invasion. NIC, nerve-invading cancer. IN, Invaded-nerve. SU2C, stand up 2 cancer.


Supplementary Discussions
Perineural invasion (PNI) is a clinically relevant prognostic feature [1, 2] that remains poorly understood, yet observed in a significant proportion of PC cases. Based on pathology reported PNI status of resected tumor tissue, we observed PNI in a large proportion (88.75%) of patients in our study. High prevalence of PNI is not uncommon in PC with studies reporting PNI in up to 90% of PC cases [3]. However, the reported prevalence of PNI in PC also varies considerably between studies, with estimates ranging from 7 to 90% [2, 3] likely reflecting the type of tumor tissue analyzed (e.g. biopsy vs. prostatectomy) and with higher prevalences generally reported in prostatectomy cases as compared to biopsies [2]. Thus, the higher prevalence of PNI seen in our cohort may partly be attributed to our samples being from prostatectomy cases.
Emerging evidence suggests that nerves and cancer cells are involved in direct as well as indirect interactions through the associated TME [4]. PC relies on active neural signaling for its continued growth, as indicated by reduced tumor growth following nerve ablation in PC mouse models [5]. Conversely, PC may modulate neurogenesis and/or axonogenesis to support tumor growth as evidenced by the increased density of nerves in the neoplastic and preneoplastic regions in human patients [6]. We hypothesized that a better understanding of the molecular determinants of PNI could shed more light onto the drivers of PC aggressiveness and thereby facilitate more personalized treatment choices for patients with early-stage localized PC. 
In this high-resolution spatial discovery study performed on a single patient, we observed that PNI was spatially associated with a transcriptionally distinct cluster (i.e. cluster 22) exhibiting divergent cancer cell states. High expression of the genes KLK2, KLK3, and KLK4, together with the expression of the luminal epithelial marker gene, KRT8 (Table S1) indicated the presence of LE-KLK3-like cells in this cluster, a previously described subtype of luminal epithelial cells that has been associated with enhanced androgen response and immune signaling [7]. This may partly explain the enrichment of androgen response and immune-related pathways seen within cluster 22 and may point towards a potential role for the LE-KLK3-like subtype in PNI.
We further observed that PNI in this PC patient was associated with a spatially organized invasive niche (Niche-3). In support, distinct spatial niches encompassing PNI have also been reported in PNI-high tumors from patients with distal cholangiocarcinoma (dCCA) [8]. Similar to the PNI niche in dCCA, the PNI niche in this PC patient was associated with altered abundances of immune and stromal cells as well as distinct cell-to-cell communication as inferred from ligand-receptor interaction analyses. Importantly, the tumor-nerve communication within our patient sample was mediated via the amyloid β precursor protein (APP)-CD74 axis. Spatial analyses of tumor tissue from multiple cancer types have implicated APP-CD74 signaling in promoting tumor invasion into the adjacent normal tissue [9]. Here, we report the potential role of APP-CD74 signaling in also reinforcing the perineural niche in this patient.
Further, single cell transcriptomic analyses have suggested that the APP-CD74 axis may play an important role in promoting an immunosuppressive tumor immune microenvironment, that could support the progression of testicular cancer [10]. Higher abundances of CD4+ T-cells in Niche-3, a niche that is spatially associated with the manually annotated PNI region within our sample, also suggest to the existence of an immunosuppressive TME, that may suppress the activity of the cytotoxic T-cells within this niche and enable immune evasion. Recent studies have reported that APP and CD74 activation promote polarization of macrophages into the immunosuppressive M2 phenotype, whereas pharmacological inhibition of APP enhances cytotoxic T-cell responses in mouse models of gastric cancer [11]. In line, we inferred possible communication between invaded nerves and macrophages via the APP-CD74 axis, potentially contributing to the immunosuppressive PNI niche.
Beyond supporting an immunosuppressive TME, nerves and neuro signaling may play an important role in regulating angiogenesis, required for continued oxygenation and supply of nutrients to the tumor cells. In the niche that was spatially associated with the manually annotated PNI region (i.e. Niche-3) we observed significant enrichment of the Hallmark gene set, Hypoxia, suggesting increased metabolic demand that may necessitate local angiogenesis [12]. In line with this, our results revealed increased proportions of endothelial cells within Niche-3 as well as APP-CD74-mediated reciprocal communication between invaded nerves and endothelial cells, suggesting the potential for PNI-associated modulation of the tumor vasculature in this niche. A recent high-resolution spatial transcriptomic study also reported neural-vascular proximity and crosstalk within the PNI niche in dCCA [8]. These complimentary findings suggest a potential role for vascular-neural crosstalk in establishing and/or promoting an invasive niche in this patient with PC. Nevertheless, it should be noted that these findings are based on computational inferences and thus require functional and protein-level validation. Further mechanistic studies are thus warranted to explore the specific role of APP-CD74 in PNI and to explore the therapeutic potential of targeting this pathway [13]. 
Further, we showed that high-resolution spatial transcriptomics data could be leveraged to identify biomarkers of disease aggressiveness previously missed by bulk tumor RNA-seq analyses. Our PNI-associated signature comprised of 50 genes down-regulated in nerve-invading cancer compared to non-nerve-invading cancer. Of these, only a few (NCAPD3, GLYATL1, FMO5, MYBPC1) have previously been included as part of other PC prognostic signatures [14-17]. We could validate our signature using bulk RNA-seq data from two independent cohorts (AUH and TCGA) of early-stage localized PC patients, together comprising more than 600 patients. This confirmed the clinical utility of our signature in risk stratifying early-stage localized PC, even though it was derived from a single patient sample. Furthermore, PC studies have shown that patients with tumors that are deficient in AR signaling and proficient in neuroendocrine (NE) activity exhibit worse overall survival [18]. This suggested that our signature could hold clinical utility in risk stratifying metastatic PC patients, as we observed lower AR and higher NE activity in metastatic PC patients depleted for our signature within the SU2C cohort.
Our study has some limitations. While Visium HD offers near-single cell resolution, due to the binning of barcoded oligos into 8x8µm squares, it is possible that some bins could overlap surrounding cells. Further, at high spatial resolution, it is possible that lowly expressed transcripts may be missed by Visium HD. Finally, while our results are based on analyses of >450K spatial data points, these represent only a single patient with PNI. Therefore, the results from this hypothesis-generating study need validation in independent follow-up spatial profiling studies to establish its true relevance to PNI biology. Additionally, inter-patient PNI heterogeneity should also be explored in larger studies.
In conclusion, we generated a high-resolution spatial atlas of gene expression in resected tumor tissue from a PC patient with PNI and reveal molecular patterns associated with nerve-invasive cancer. PNI was spatially linked to transcriptionally divergent malignant cell states, coordinated changes in the tumor- and immune microenvironments, and dynamic interactions between nerve, tumor, immune, and stromal cell types. APP-CD74 was identified as a potential signaling axis spatially associated with PNI. We further revealed a gene-expression-based signature that held biomarker potential at the early-localized and advanced-metastatic disease stages. These results, albeit from a single patient, highlight the potential for spatial gene expression profiling to uncover novel PC biomarkers and molecular features underlying PC aggressiveness.

Supplementary Materials and Methods
Visium HD sample 
Tissue sample for Visium HD was obtained from a PC patient who underwent radical prostatectomy (RP) at Aarhus University Hospital (AUH). At the time of RP, the patient was 69 years old and had a PSA of 11.6 ng/ml. Following surgery, tissue samples were formalin-fixed and paraffin-embedded (FFPE) and stored at the Department of Pathology, AUH until retrieved for this study. Presence of malignant PC lesions and perineural invasion was verified in an adjacent H&E-stained tissue section by a consultant pathologist at AUH prior to analysis. Based on this, a representative tissue region comprising malignant lesions and perineural invasion was selected for Visium HD. 
PNI clinical cohort
Pathology cohort consisted of patients with localized PC, recruited at the Department of Pathology, Aarhus University Hospital (AUH) between 1970-2022. We assessed PNI status of prostatectomy specimens based on the pathology reports, classifying each patient as either PNI positive (PNIpos) or negative (PNIneg). In total we analyzed reports from 498 patients with available clinical follow-up data. Histopathological reassessment of PNI was not performed for this study, as the aim was to evaluate the association between PNI and BCR using the existing PNI status recorded in the pathology reports. Summarized clinicopathological characteristics are given in Table S4.
High resolution spatial transcriptomics
We performed spatial transcriptomics using the Visium High-Definition (HD) spatial gene expression slide (10X Genomics, Pleasanton, California) following the manufacturer’s instructions (CG000684 and CG000685). 5µm thick consecutive sections were used for Visium HD, H&E staining, and to determine RNA quality. A NanoZoomer S60 scanner was used to capture brightfield images at 40X magnification. Spatially fixed RNA was profiled using a whole transcriptome probe set (10X Genomics) targeting 18,085 coding genes. A CytAssist instrument (10X Genomics) was used for analyte transfer to the Visium HD gene expression slide. Prepared libraries were sequenced on the Illumina NovaSeq X plus platform following the guidelines from 10X Genomics. Generated sequencing reads were aligned to the human reference genome (hg38) using the Space Ranger v3.1.3 (10X Genomics) pipeline which also outputs the spatial coordinates for each transcript within the tissue. The sequencing coverage and quality statistics are summarized in Table S5.
Statistical and spatial analysis
All analyses were performed in R (v4.4 or v4.5) [19]. Where applicable, GenomeDK (genome.au.dk) was used for high-performance computing. Data was processed using the R package Seurat (v5.2 or v5.3) [20]. Tissue bins were analyzed at 8µm resolution (n=505,623 bins). Only bins with more than 20 detected genes and less than 25% mitochondrial gene expression were retained (n=451,622 bins). Similarly, only genes expressed in more than 45 bins (0.01% of total bins) were retained (n=15410 genes). Data was normalized using sctransform (v0.4) [21]. Major cell types were annotated using spacexr (v2.2) in the ‘doublet mode’ with PC single-cell RNA-sequencing data used as reference [22, 23]. Default parameters were used including confidence threshold of 5 and doublet threshold of 20. Supporting marker genes are provided in Table S6. The single cell reference data is provided as additional data file. Data clustering and projection were performed using in-built Seurat functions (RunPCA, FindNeighbors, FindClusters, and RunUMAP). Differentially expressed genes (DEG) were identified using presto (v1.0) [24] with Wilcoxon rank-sum test used to assess statistical difference. Benjamini-Hochberg correction was applied to p values to account for multiple testing. DEGs were considered significant if their adjusted p value was below 0.05 and the absolute log2 fold-change was above 0.58. Volcano plots for visualizing the DEGs were created using EnhancedVolcanoPlot (v1.6) [25]. Signature gene set was selected by selecting the top 50 down-regulated genes with the highest log2 fold-change excluding those with an adjusted p value above 0.05. Gene set enrichment analysis (GSEA) was performed using fgsea (v1.32) [26] with genes ranked based on their presto-derived area under the curve (AUC) value. Hallmark gene sets were downloaded using msigdbr (v24.1) [27]. GSEA results were corrected for false discovery rate (FDR). Spatially defined niches were identified using Banksy (v1.3) [28]. Spatial ligand-receptor interaction analysis was performed using CellChat (v2.2) using only the annotated cell types, including manually annotated invaded-nerves. Manual annotation was based on tissue histology and visualized using S100B and SOX10 gene expression. Custom settings were used for CellChat analysis (type=truncatedMean, trim=0.1, distance.use=TRUE, interaction.range=200, scale.distance=8, contact.dependent=FALSE). CellChatDB v1 human database was the source database for the ligand-receptor pair described in the manuscript. Pseudotime trajectories for tumor bins were estimated using monocle3 (v1.4) with the pseudotime rooted using the expression of the basal epithelial cell marker gene, TP63. Where not specified, differences in continuous variables between groups were tested using Wilcoxon rank-sum test whereas differences in categorical variables were tested using the Chi-square test. Patients with missing data were excluded from the respective analyses.
Validation using AUH, TCGA, and SU2C cohorts
For internal validation we used bulk tumor total RNA-sequencing data from an in-house cohort (AUH) of localized PC patients [29, 30]. For external validation, we used bulk tumor RNA-sequencing datasets from The Cancer Genome Atlas (TCGA-PRAD) [31] and Stand Up To Cancer (SU2C-PCF; phs000915.v2.p2) [32] as described previously [33]. For each cohort, we used normalized read counts as input for downstream analysis. Gene set variation analysis was performed using the GSVA package to assess the enrichment of the PNI-associated signature gene set in each sample. The median GSVA score was used to dichotomize patients into signature depleted and enriched groups. Kaplan-Meier and Cox regression analyses were performed using the survival (v3.8) and survminer (v0.5) packages to assess differences in BCR-free survival between groups. Multivariable Cox regression analysis was performed to assess the independent prognostic value of the signature after accounting for the CAPRA-S score. The assumption of proportional hazards was confirmed for all Cox regression models. BCR was defined as PSA ≥ 0.2 ng/mL. Patients without BCR were censored at their most recent PSA measurement. BCR events less than three months after RP were excluded as these patients may likely have residual tumor. Observations with missing data were excluded.
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