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Mapping the immune landscape in metastatic 1 

melanoma reveals localized cell-cell 2 

interactions correlating to immunotherapy 3 

responsiveness 4 

 5 

Abstract 6 

While immune checkpoint-based immunotherapy (ICI) shows spectacular clinical results in 7 

cancer patients, only a subset of the these respond favorably to such treatment. Response to 8 

ICI is dictated by the integration of complex networks of cellular interactions between malignant 9 

and non-malignant cells. Although new insights into the mechanisms that modulate the pivotal 10 

anti-tumoral activity of cytotoxic T-cells (Tcy) have recently been gained, much of what we 11 

have learned is based on single-cell analyses of dissociated tumor samples; therefore, we lack 12 

critical information about the spatial distribution of the relevant cell types. Here, we used 13 

multiplexed immunohistochemistry to spatially characterize the immune landscape of 14 

metastatic melanoma from responders vs non-responders to ICI. By creating such high-15 

dimensional pathology maps, we show that Tcy gradually evolve towards an exhausted 16 

phenotype as they approach and infiltrate the tumor. Moreover, our analysis revealed a key 17 

cellular interaction network that functionally links Tcy and PD-L1+ macrophages. Critically, 18 

mapping the respective spatial distribution of these two cell populations predict response to 19 

anti-PD-1 immunotherapy with high confidence. We conclude that baseline measurements of 20 

the spatial context should be integrated in the design of predictive biomarkers to identify 21 

patients likely to benefit from ICI.  22 



Introduction 23 

Treatment of malignant melanoma has been revolutionized by the introduction of anti-24 

PD-1-based immune checkpoint inhibitors (ICI)1–4. Despite having improved overall survival 25 

and providing durable response, the outcome of immune checkpoint blockade is very variable, 26 

with most stage IV patients still succumbing to the disease1–4. Nonetheless, ICI therapy has 27 

become a standard of care in melanoma and many other solid cancers.  28 

The widespread use of immunotherapy, the variable results obtained in different tumor 29 

types, the considerable and sometimes irreversible toxicity in roughly 20% of the patients and 30 

the treatment-associated costs have made the search for predictive biomarkers a pressing 31 

issue more than ever before in oncology. Consequently, researchers were prompted to 32 

investigate the tumor microenvironment (TME) more thoroughly. As a result, a plethora of 33 

different factors correlating with immunotherapy outcome have emerged, including both tumor 34 

intrinsic (e.g. tumor mutational burden5–7, aberrant tumor MHC-II expression8 and tumor-35 

related signatures6,9–12) and host intrinsic (e.g. defects in antigen presentation machinery13,14, 36 

tumor-infiltrating lymphocytes (TILs)15,16, tumor-infiltrating B cells17–19 and T-cell gene 37 

expression signatures20–24) factors. However, none of these factors have thus far been broadly 38 

implemented in the clinic, partly due to a low predictive value when used as a single marker. 39 

In addition, we are still lacking a profound understanding of the mechanism(s) that make anti-40 

PD-1 based therapy successful in one patient and unsuccessful in another. Similarly to how 41 

next-generation sequencing has made it possible to match mutational profiles to specific 42 

targeted therapies (i.e., BRAF- and MEK inhibitors)25–28, unraveling and improving response to 43 

immunotherapy will require an accurate spatial description of the inflammatory landscape 44 

within the tumor area and the specific understanding of the contribution of each factor of the 45 

complex immune response machinery.  46 

Recently, the pre-existent CD8+ T-cell effector response resulting from chronic tumor 47 

antigen exposure and the dynamics following checkpoint blockade has been elucidated more 48 

thoroughly. A subset of Tcy that display stem-like properties and that promote tumor control in 49 

response to checkpoint blockade immunotherapy has been identified29–33. These so-called 50 

progenitor exhausted T-cells are responsible for the proliferative T-cell burst after 51 

administration of anti PD-131,34–36. There is substantial evidence that response to checkpoint 52 

blockade is not due to reversal of a T-cell exhaustion phenotype but rather depends on 53 

proliferation of this stem-like subset of T-cells. After eliciting a cytotoxic effect these cells can 54 

further differentiate into ‘terminally exhausted’ Tcy. Data supporting this model are mostly 55 

generated by methods based on tissue dissociation followed by single cell analysis, such as 56 

single-cell RNA sequencing (scRNA-seq) or mass cytometry. Obviously, these techniques 57 

exclude spatial information, thereby precluding the analysis of crucial cell-cell interactions 58 

within the context of the original tissue. To partially overcome this, algorithms for analyzing 59 

scRNA-seq data have been developed to screen for ligand-receptor interactions across all cell 60 

types present in a tumor microenvironment (CellPhoneDB37/ Nichenet38). These predictive 61 

methods are based on prior knowledge of signaling and gene regulatory networks, and while 62 

very interesting at producing novel hypotheses, these still require validation at the tissue level. 63 

In addition, computational methods to analyze dissociated cells are devoid of visual control 64 

and thus bear the risk for inaccurate results. Finally, RNA-based findings may also not translate 65 

to the proteomic level, thereby leaving the final executors of most biological interactions 66 

unidentified. Considering that immune reactions rely on multiple cell-cell interactions, a study 67 

of the mechanism of an immune response upon anti-PD-1 treatment should also include spatial 68 

information. Knowing the spatial distribution of the different inflammatory cell subtypes could 69 



further fuel our understanding on how immunotherapy works while revealing novel potential 70 

therapeutic mechanisms or novel targets with translational clinical utility.  71 

In this study, we used high-dimensional multiplexed immunohistochemistry according 72 

to the MILAN (Multiple Iterative Labeling by Antibody Neodeposition)39 method through which 73 

we visualized 77 immune and tumor-related markers at single-cell resolution. As such, we 74 

characterized the cellular composition, architecture, and sociology of the immune landscape 75 

in metastatic melanoma, which allowed us to create a detailed, high-dimensional pathology 76 

map of Tcy, in which the detailed phenotype of the different Tcy subsets and their exact 77 

location in clinical biopsies is identified. This analysis did not only confirm previous findings at 78 

the proteomic level, but it also allowed us to visualize and study the sociology between the 79 

cellular subsets within their native tissue context. By subsequently applying novel spatial 80 

analysis approaches, we were able to construct a spatial trajectory within the tumor in parallel 81 

to and corresponding with a pseudotime differentiation trajectory of Tcy, showing that Tcy 82 

gradually evolved towards more exhausted phenotypes as they approached and infiltrated the 83 

tumor. Finally, we studied the interaction between Tcy and their local immune 84 

microenvironment, thereby revealing a role for interactions between Tcy and PD-L1+ 85 

macrophages in the distinction between responders (RESP) and non-responders (NRESP) to 86 

anti-PD-1 immunotherapy, insights that outcompete earlier measurements that did not take a 87 

spatial component into account. 88 

 89 

Material and Methods  90 

 91 

Clinical data 92 

A cohort of 16 pre-treatment, frozen melanoma metastasis lesions from 14 different 93 

patients was selected for Nanostring Gene Expression Analysis. All patients were treated with 94 

anti-PD-1 monotherapy (nivolumab or pembrolizumab) after the biopsy was taken. Only 95 

biopsies taken < 365 days before the start of checkpoint inhibition therapy were included. 96 

Furthermore, only patients with measurable disease were selected, hence enabling tumor 97 

response assessment according to RECIST 1.140. Patients were classified according to the 98 

best objective response (BOR) to immunotherapy during their time of follow up, as defined by 99 

RECIST 1.140.  Complete response (CR) and partial response (PR) were classified as RESP, 100 

progressive disease (PD) or stable disease (SD) as NRESP. According to these criteria, 7 101 

patients could be classified as RESP (8 samples) and 7 patients as NRESP (8 samples). 102 

A cohort of 24 pre-treatment, formalin-fixed, paraffin embedded (FFPE) melanoma 103 

metastasis samples from 21 patients from the University Hospital of Leuven was collected. Out 104 

of these samples, 12 were also included in the Nanostring analysis. Primary lesions were 105 

excluded. Pathologists selected the most representative areas of the tumors for tissue 106 

microarray (TMA) construction. For each metastasis, one to five representative cores/regions 107 

of interest were sampled having at least a size of 2 mm in diameter. The number of samples 108 

taken was determined by the specimen and the morphological heterogeneity of both the 109 

melanoma and the inflammatory infiltrate. Therefore, a smaller number of cores were taken 110 

from small and homogeneous samples whereas a larger number was taken from large but 111 

heterogeneous specimens. In total, 70 cores/regions of interest were selected for analysis. 112 

The TMAs were constructed with the TMA Grand Master (3DHistech Ltd., Budapest, Hungary). 113 

A subset of patients included were treated with anti-PD-1 monotherapy (nivolumab or 114 

pembrolizumab) after the biopsy was taken. Biopsies taken ≥ 365 days before the start of 115 

checkpoint inhibition therapy were excluded. Following similar response stratification criteria 116 

used in the Nanostring patient cohort, 7 out of 21 patients could be classified as RESP (7 117 



samples) and 8 out of 21 patients as NRESP (9 samples). For 6 patients (8 samples) response 118 

assessment was not possible due to several reasons (e.g. no subsequent therapy with anti-119 

PD-1 treatment, sample too old according to our cut-off of 365 days). In order to exclude noise 120 

in the downstream analysis regarding factors associated with response, these 6 patients were 121 

included for the evaluation of the immune landscape but were excluded from the correlation 122 

analysis with response. An overview of the samples/patients included in this study is provided 123 

in Suppl. Table 1. This project was approved by the Ethical Commission of the University 124 

Hospital of Leuven. 125 

 126 

Nanostring Gene Expression Analysis 127 

The frozen material was analyzed using the PanCancer Immune Profiling Panel of the 128 

nCounter technology from Nanostring. Transcriptomic counts were log2 transformed. 129 

Differential gene expression of RESP patients versus NRESP patients was calculated using 130 

the limma R package41. Enriched pathways were identified using the piano R package42. From 131 

the different gene set analysis methods included in the Piano pipeline we selected the following 132 

10 using the gene-level-statistic defined in parenthesis: fisher (p-value), stouffer (p-value), 133 

reporter (p-value), page (t-value), tailStrength (p-value), gsea (t-value), mean (logFC), median 134 

(logFC), sum (logFC), and maxmean (t-value). P-values from the different gsa methods were 135 

summarized by calculating the median ranking of the individual methods and then mapping 136 

the corresponding p-value for the obtained rank. For the gene sets, the Molecular Signatures 137 

Database (MSigDB)43, curated pathways (c2), canonical pathways (cp), version 7.2 was used. 138 

Insights in general sample cytometry were gained using CibersortX44 with the LM22 signature 139 

matrix. Insights in Tcy specific cell populations cytometry were obtained by first creating a 140 

custom signature matrix using the data and defined cell states by Sade-Feldman and 141 

colleagues29 and CibersortX’s “Create Signature Matrix” module. Tcy proportions were then 142 

estimated using the “Impute Cell Fractions” module. 143 

 144 

MILAN multiplex staining and image acquisition  145 

Multiplex immunofluorescent staining was performed according to the previously 146 

published MILAN protocol39. The antibody panel for MILAN was designed to allow a phenotypic 147 

identification of the most abundant cell types based on the results from the Nanostring analysis 148 

and the scRNA-seq data from others29,45, including a more in-depth functional characterization 149 

of T-cells based on literature review. An overview of the panel with the 77 markers included 150 

and the specifications about the primary and secondary antibodies can be found in Suppl. 151 

Table 2. Immunofluorescence images were scanned using the NanoZoomer S60 Digital slide 152 

scanner (Hamamatsu, Japan) at 20X objective with resolution of 0.45 micron/pixel. The 153 

hematoxylin and eosin slides were digitized using the Axio scan.Z1 slidescanner (Zeiss, 154 

Germany) in brightfield modus using a 20X objective with resolution of 0.22 micron/pixel. 155 

 156 

Image Quality control and Analysis 157 

The stainings were visually evaluated for quality by digital image experts and 158 

experienced pathologists (FMB, GC, and YVH, triple blinded). Multiple approaches were taken 159 

to ensure the quality of the single-cell data. On the image level, the cross-cycle image 160 

registration and tissue integrity were reviewed; regions that were poorly registered or contained 161 

severely deformed tissues and artifacts were identified, and cells inside those regions were 162 

excluded. Antibodies that gave low confidence staining patterns by visual evaluation were 163 

excluded from the analyses. Image analysis was performed in Fiji/ImageJ following a 164 

procedure previously described46. Briefly, DAPI images from consecutive rounds were aligned 165 



(registered) using the Turboreg and MultiStackReg plugins from Fiji/ImageJ (version 1.51 u). 166 

The coordinates of the registration were saved as Landmarks and applied to the rest of the 167 

channels. Tissue autofluorescence was subtracted from an acquired image in a dedicated 168 

channel, for FITC, TRITC and Pacific Orange. The TMA was segmented into tissue cores using 169 

a custom macro. Core segmentation was followed by watershed cell segmentation and single-170 

cell measurements which were performed using the EBImage R package47. For every cell, the 171 

extracted features included: X/Y coordinates, nuclear size, and Mean Fluorescence Intensity 172 

(MFI) for all the measured markers. 173 

 174 

Phenotypic Identification 175 

MFI values were normalized within each core to Z-scores as recommended in Caicedo 176 

et al48. Z-scores were trimmed in the [0, 5] range to avoid a strong influence of any possible 177 

outliers in downstream analyses. Single cells were mapped to known cell phenotypes using 178 

three different clustering methods: PhenoGraph49, FlowSom50, and KMeans as implemented 179 

in the Rphenograph, FlowSOM, and stats R packages. While FlowSom and KMeans require 180 

the number of clusters as input, PhenoGraph can be executed by defining exclusively the 181 

number of nearest neighbors to calculate the Jaccard coefficient49 which was set to 12. 182 

PhenoGraph groups the input cells into a number of numeric clusters (1,2,...,n) with similar 183 

expression profiles. The number of clusters identified by PhenoGraph was then passed as an 184 

argument for FlowSom and KMeans. 185 

Clustering was performed exclusively in a subset of the identified cells (50,000) 186 

selected by stratified proportional random sampling and using only the markers defined as 187 

phenotypic (Suppl. Table 2). The stratification was performed by selecting a number of cells in 188 

each sample equal to the relative proportion of the number of cells in that sample in the entire 189 

dataset. That is: 190 𝑆𝑖 = 𝑆 ⋅ 𝑁𝑖𝑀 , 𝑤ℎ𝑒𝑟𝑒 𝑀 = ∑(𝑁𝑖)𝑃
𝑖=1  191 

where Si is the number of cells to be sampled for the i-th sample, S is the total number of cells 192 

to be sampled (here 50,000), Ni is the number of cells in the i-th sample, and M is the total 193 

number of cells in the dataset (sum of all samples, P).  194 

For each clustering method, clusters were mapped to known cell phenotypes following 195 

manual annotation from domain experts (FMB, YVH, double blinded). If two or more clustering 196 

methods agreed on the assigned phenotype, the cell was annotated as such. If all three 197 

clustering methods disagreed on the assigned phenotype, the cell was annotated as “not 198 

otherwise specified, NOS”. For each phenotype, a fingerprint summarizing the average 199 

expression of each marker for all the cells of the given phenotype was constructed. These 200 

fingerprints were used to predict the phenotype of all the cells included in the dataset (minimum 201 

of Euclidean distance).  202 

 203 

In-silico tissue microdissection 204 

We further dissected the analyzed samples into tumor areas (TA), tumor-stroma 205 

interface (TSI), and non-tumor areas (NTA) (Suppl. Fig. 1). To that end, tissues were 206 

fragmented into 50x50 pixel tiles (22.5 sq. micrometers). Tiles with at least 1 cell identified as 207 

melanoma were initially defined as TA. To reduce the impact of potential outliers, a median 208 

filter was applied to the obtained tumor masks. The tumor edge was defined as the overlap 209 

between the dilated tumor mask (box kernel of 5px of diameter), a dilated non-tumor mask 210 

(complementary of the tumor mask, box kernel of 5px of diameter), and the complement of a 211 



dilated mask positive for the areas without tissue (i.e., outside mask, box kernel of 5 tiles, 212 

251px of diameter). The complement of the outside mask was used to remove the tumor edge 213 

in areas close to the contour of the tissue as predictions around the contour are often 214 

unreliable51. The TSI was defined at 150 pixels (67.5 micrometers) symmetrically towards and 215 

away from the tumor edge (that is, the border between the tumor and the stroma). This was 216 

calculated by dilating the tumor-edge with a box kernel of 301 pixels in diameter. The rest of 217 

the tissue was defined as NTA. We evaluated the immune populations present in each 218 

microdissected area by comparing the proportion of each identified immune phenotype relative 219 

to the total immune population (pairwise, Wilcoxon test). Adjustment for multiple comparisons 220 

was performed using the false-discovery rate (FDR) method. 221 

 222 

High-dimensional proteomic profiling of Tcy 223 

Tcy were further profiled based on the expression of the following 10 markers: 224 

CD137/4-1BB, CD69, CD7, CD74, CXCR5, granzyme B (GrB), PD-1, TCF7, TIM-3, and VISTA 225 

(‘Tcy panel’, Suppl. Table 2). A subset of all the identified Tcy (stratified sampling, 6,000 cells) 226 

was clustered using KMeans and manually annotated by domain experts (FMB, YVH). 227 

Fingerprints were used to calculate the status of all the Tcy included in the dataset (minimum 228 

of Euclidean distance). For all the identified subtypes, we looked for enrichment in the different 229 

in-silico microdissected areas by checking the proportion relative to all the immune cells of 230 

each identified subtype between the areas (pairwise, Wilcoxon test). Adjustment for multiple 231 

comparisons was performed using the false-discovery rate (FDR) method. 232 

Additionally, we assigned an activation score to each Tcy based on a previously 233 

published model which integrates the expression of TIM-3 and LAG3 as exhaustion markers 234 

and CD69 and OX40 as activation markers into a single score in the [-1, 1] range46. We looked 235 

for differences in Tcy activation in the different in-silico microdissected areas (generally for all 236 

Tcy and specifically for each identified subtype) by applying t-tests (two-tails, FDR corrected) 237 

on the average activation of each core. We also investigated how the distance to the tumor 238 

edge affected Tcy activation. To that end, we calculated the Euclidean distance of each Tcy to 239 

the closest point in the tumor edge, grouped the Tcy in bins of 10 micrometers, and calculated 240 

the average activation score of all the Tcy in each bin. Distances towards the tumor were 241 

defined negative while distances away from the tumor were defined positive. To avoid patient-242 

to-patient variability, we previously normalized the activation of the Tcy by taking z-scores in 243 

each core. We fitted a cubic smoothing spline function to the generated curve, calculated its 244 

first-order derivative, and looked for the point in the X-axis (distance to the tumor edge) where 245 

the Y-axis (derivative of Tcy activation) was maximum, that is, the point where the Tcy 246 

activation score changes the most. 247 

 248 

Spatial dynamics of Tcy differentiation 249 

Next, we assessed the spatial evolution of Tcy subtypes based on their distance to the 250 

tumor edge. To that end, first, we calculated the probability (𝑃𝑖,𝑗) of each Tcy (i) belonging to 251 

any of the categories manually annotated (j) as follows: 252 𝑃𝑖,𝑗 = 1𝑀𝑖,𝑗 ⋅ 𝑤𝑖 253 

where 𝑀𝑖,𝑗 is the euclidean distance of the expression of 𝑇𝑐𝑦𝑖 to the fingerprint of the subtype 254 

j, and 𝑤𝑖 is the sum of the inverse distances of 𝑇𝑐𝑦𝑖 for all the subtypes, that is: 255 𝑤𝑖 = ∑ 1𝑀𝑖,𝑗
𝑁

𝑗=1  256 



where N is the total number of identified subtypes. Essentially, 𝑤𝑖 guarantees that: 257 ∑ 𝑃𝑖,𝑗𝑁
𝑗=1 = 1 258 

Then, we calculated the distance of each Tcy to the tumor edge. Distances towards 259 

the tumor were defined negative while distances away from the tumor were defined positive. 260 

Continuous distance values were grouped in bins of 10 micrometers. For each bin, we 261 

calculated the probability of belonging to each subtype by averaging the probabilities of all the 262 

Tcy included in the bin.  263 

 264 

Spatial lineage analysis 265 

We correlated the spatial distance of Tcy to the tumor edge with a pseudotime value 266 

obtained after applying slingshot52. To that end, PD-1, GrB, TIM-3, CD69, TCF7, and Ki67 267 

expression values were normalized (z-scores) in a number of preselected Tcy subtypes. After 268 

normalization, a subset of the data (500 cells per Tcy subtype) was randomly sampled. Then, 269 

diffusion maps as implemented in the destiny R package53 were used to dimensionally reduce 270 

the data to 3 components. The rest of the dataset was projected on the reduced space using 271 

the dm_predict function. Lineages and trajectories were calculated using the getLineages and 272 

getCurves functions from the slingshot R package52. The obtained pseudotime score was 273 

normalized in the [0-1] range. We correlated the density of Tcy subtypes, their spatial location, 274 

and the expression of each of the included markers in this analysis with the obtained 275 

normalized pseudotime score. 276 

 277 

Data reporting 278 

All samples were stained simultaneously. Image-acquisition order was distributed 279 

spatially and independently of patient or tumor replicates. Image acquisition, single-cell 280 

quantification and clustering were blinded to patient identifiers and clinical metadata. No 281 

statistical methods were used to predetermine sample size. 282 



Results 283 

1. Nanostring Gene Expression Analysis 284 

As a first attempt to explore major differences between RESP and NRESP to anti-PD-285 

1 therapy, we performed bulk transcriptomic analysis using the PanCancer Immune Profiling 286 

Panel of the Nanostring nCounter technology on the frozen material available (whole tumoral 287 

nodules) from 16 metastatic melanoma samples (8 RESP, 8 NRESP, clinical data can be found 288 

in Suppl. Table 1). In total, 10 out of 784 genes included in the gene panel were differentially 289 

expressed (Suppl. Table 4). CD4, DDX58, MAP2K4, and KLRF1 were overexpressed in RESP 290 

patients, while HSD11B1, MFGE8, IGF1R, APP, TNFRSF11B (OPG), and A2M were 291 

underexpressed (Suppl. Fig. 2A). Some of these genes are already known for their role in the 292 

tumoral immune response and in some cases, in response to immunotherapy. DDX58 and 293 

MAP2K4 have been associated with response to anti-CTLA and MEK-inhibition respectively54–294 
56, whereas KLRF1 is associated with natural killer cell infiltration, T-cell exhaustion and 295 

reduced TNF/IFN-gamma production57. On the other hand, several of the underexpressed 296 

genes are known to be associated with specific remodeling of the tumoral microenvironment, 297 

for instance the production of OPG or alpha-2 macroglobuline (A2M) with potential cytokine 298 

scavenger properties58–60, M2 polarization of tumor-associated macrophages via IGF-1 and 299 

MFG-E861,62, or the inhibition of proliferation among tumour-specific CD8+ T-cells by means of 300 

increased local cortisol with the induction of HSD11B163. Subsequently, performing gene set 301 

enrichment/pathway analysis, we could observe significant differences between RESP and 302 

NRESP (Suppl. Table 5). We observed in RESP an upregulation of B- and T-cell related 303 

pathways and of pathways involved in the adaptive immune system like B lymphocyte 304 

pathway, CSK pathway, TCR signaling pathway, TCRA pathway, among others (Suppl. Fig. 305 

2B). When evaluating the cell fractions obtained after using CibersortX, we did not find 306 

significant cell differences in general cell composition (LM22) or in Tcy subtypes (Suppl. Fig. 307 

2C-D). We used these results to assemble a specific antibody panel for the subsequent in situ 308 

single cell analysis, focusing on the lymphocytic, macrophagic and antigen presenting cells 309 

compartment. 310 

 311 

2. Immune landscape & in-silico microdissection 312 

Using MILAN (see methods), we were able to identify 1,426,617 cells (average of 313 

67,934.14 cells per patient, standard deviation of 52,588.52; range of 7,316-247,806) 314 

containing information on nuclear size, X/Y coordinates, and expression (MFI) for each of the 315 

77 markers included in the analysis (Suppl. Table 2). Applying unsupervised consensus 316 

clustering (see methods, phenotypic identification) by using a panel of 37 selected phenotypic 317 

markers, we identified 67 clusters that were manually annotated to 18 cell phenotypes, each 318 

corresponding to a specific protein signature/fingerprint, characterized by the following main 319 

markers (Fig. 1A-B, Suppl. Fig. 3C-F): B-cells (“BC”; CD20, CD79a and PAX5), plasma cells 320 

(“PC”; CD138 and PRDM1), classical dendritic cells type 1 (“cDC1”; CD141 and IRF8), 321 

classical dendritic cells type 2 (“cDC2”; CD1c), follicular dendritic cells (“fDC”; CD23 and 322 

CD21), plasmacytoid dendritic cells (“pDC”; CD303), cytotoxic T-cells (“Tcy”; CD3 and CD8), 323 

T helper cells (“Th”; CD3 and CD4), regulatory T-cells (“Treg”; CD3, CD4 and FOXP3), blood 324 

vessels (“BV”; CD31 and CD34), high endothelial venules (“HEV”; PNAd), lymphatic vessels 325 

(“LV”; Podoplanin), epithelial cells (CK), M1-like macrophages (CD68, CD64 and LYZ), M2-326 

like Macrophages (CD68, CD64 and CD163), and melanoma (S100B and Melan-A). Clusters 327 

with the expression of several markers without an obvious phenotypic profile were annotated 328 

as “not otherwise specified, NOS”. Clusters with no expression of any phenotypic marker were 329 

annotated as “blank”. From the 49,998 cells included in the clustering (2 cells less than the 330 



50,000 due to rounding effects on the stratification), 24,767 (49.54%) showed agreement in 331 

the assigned phenotype between all 3 included clustering methods, 21,685 (43.37%) showed 332 

agreement between 2 clustering methods, and 3,546 (7.09%) showed an inconsistent 333 

phenotype assignation. Cells with an inconsistent labelling between the different clustering 334 

methods were also labelled as “NOS” (Suppl. Fig. 3G-I). Based on the predicted phenotypes 335 

and the X/Y coordinates of each individual cell, the tissue was digitally reconstructed, 336 

resembling the morphology of the corresponding hematoxylin & eosin-staining of a previous 337 

section, but showing the phenotypic identity of each cell type (Fig. 1D-F). General sample 338 

composition is summarized in Suppl. Table 3. We did not find significant differences in general 339 

cell composition between RESP and NRESP (Wilcoxon rank-sum test, two tails).  340 

Next, using the phenotypical identity of each cell within the digitally reconstructed 341 

tissue, we further in-silico microdissected the tissue, separating tumor area (TA), tumor-stroma 342 

interface (TSI), and non-tumor areas (NTA) (Fig. 1G, Suppl. Fig. 4A). Overall, 51% of the areas 343 

were labelled as tumor (inter-patient SD = 17.44%, range 13.24-75.28%), 24.6% as TSI (SD 344 

= 6.97%, range 15.07-39.88%), and 24.4% as non-tumor (SD = 14.4%, range 5.29-59.32%), 345 

with a large interpatient variability (Suppl. Fig. 4B). Based on the different areas, the global cell 346 

composition was redefined into an area-specific cell composition. In the TSI 29.54% of the 347 

cells were melanoma cells (compared to 76.39% in the TA). On the contrary, in the TA, 348 

approximately 23.61% of the cells were identified as non-melanoma cells, mainly 12.77% of 349 

cells corresponding to the infiltrating immune cells: M1-like macrophages (3.13%), M2-like 350 

macrophages (2.56%), Th (1.21%), pDC (1.06%), Tcy (1.02%), cDC1 (0.98%), BC (0.81%), 351 

PC (0.75%), cDC2 (0.62%), Treg (0.5%), and fDC (0.17%). The remaining cells in the TA 352 

corresponded to BV (1.76%), LV (0.9%), NOS (0.82%), HEV (0.61%), epithelial cells (0.21%), 353 

and blanks (6.53%). Subsequently, the relative proportion of the various immune cells was 354 

compared between the different areas (Fig. 1C, Suppl. Fig. 4C, Suppl. Table 3). As expected, 355 

most lymphocytes (BC, Th and Treg) were significantly enriched in the NTA compared to the 356 

TA with an intermediate level in the TSI. Tcy on the contrary peaked within the TSI with a 357 

significant enrichment compared to the TA but no significant enrichment compared to the NTA. 358 

Remarkably, both M1-like and M2-like macrophages were significantly enriched in the TA 359 

compared to the TSI and NTA. In fact, macrophages represented the most abundant immune 360 

cell type within the TA (3.13% M1-like and 2.56% M2-like) in our patient cohort. Finally, when 361 

comparing the immune composition of RESP versus NRESP, no significant differences could 362 

be found, both overall (Suppl. Fig. 5A) as well as in the different microdissected areas (Suppl. 363 

Fig. 5B). 364 

 365 

3. High-dimensional proteomic profiling of cytotoxic T-cells 366 

Based on the pivotal role of Tcy in mounting an anti-tumor response, we further focused 367 

our analysis on Tcy. To gain deeper insights into the different Tcy subsets present in situ at 368 

the proteomic level, we performed a second level of clustering using the expression of 10 369 

markers that were not included in the first level clustering, now exclusively focusing on the 370 

previously identified Tcy. KMeans identified 34 clusters that after manual annotation were 371 

mapped to 9 Tcy subtypes, each with a specific protein signature/fingerprint (Fig. 2A-C, Suppl. 372 

Fig. 6A-B). Cluster Tcy01 represents the largest group of Tcy (37.60% of Tcy), yet this subset 373 

does not express any of the included markers. As such, the biological relevance of these cells 374 

cannot be specified further. Tcy02 (1.93%) is characterized by isolated high expression of 375 

CXCR5, corresponding to a distinct CXCR5+ Tcy subset within the B cell follicle and germinal 376 

center in lymph nodes during chronic antigen exposure64. Tcy03 (1.37%) specifically 377 

expresses high levels of CD137/4-1BB, which is transiently expressed after TCR-pathway 378 



mediated activation65,66, and which is used in clinical trials to improve response to TIL therapy 379 

by selecting for 4-1BB expressing cells (NCT02111863). The discriminating feature of Tcy04 380 

(7.00%) is high expression of CD69, without co-expression of inhibitory receptors such as PD-381 

1 or TIM-3. CD69 is an early T-cell activation marker with transient upregulation after 382 

activation67. Recently, it has been shown that tissue resident T-cells can also express this 383 

receptor in the absence of T-cell receptor stimulation68. Both Tcy05 (22.63%) and Tcy06 384 

(5.17%) have variable levels of the transcription factor TCF1/TCF7 and the co-stimulatory 385 

molecule CD7, both typically expressed in the ‘naïve-like’ or ‘memory’ Tcy subset69–71. 386 

Furthermore, Tcy06 shows simultaneous expression of intermediate levels of PD-1, TIM-3 and 387 

CD69. In Tcy07 (6.08%), Tcy08 (6.23%) and Tcy09 (11.99%) increasing levels of expression 388 

of co-inhibitory receptors (PD-1, TIM-3 and VISTA) are observed, suggestive of a more 389 

exhausted/dysfunctional phenotype69. Interestingly, the observed proteomic signature of 390 

Tcy06 seems to correspond to an earlier described Tcy population of so-called progenitor 391 

exhausted Tcy at the transcriptomic level, with high expression of TCF7, intermediate levels 392 

of CD69/CXCR5 and TIM-3/PD-1 which are known to be markers of exhaustion correlating 393 

with increasing T-cell dysfunctionality. However, TIM-3/PD-1 are expressed at lower amounts 394 

than in the presumably more dysfunctional subtypes (Tcy07, Tcy08 and Tcy09)29,30. Previous 395 

reports suggest that this Tcy subtype also resembles a stem-like population capable of giving 396 

rise to more exhausted progeny as defined by an increasing amount of expression of 397 

exhaustion markers like our Tcy07, 08 and 09 cluster30,31,36,72. When looking at the potential 398 

cytotoxicity of these subclusters based on GrB expression, we find only relevant amounts of 399 

expression in Tcy08. This is in line with previous findings which also attribute a higher 400 

proliferative activity to this subtype based on Ki67 expression72,73.  401 

In addition, using the in-silico microdissection and the previously described proteomic 402 

Tcy signatures, we analyzed the possible enrichment of specific subtypes in the different areas 403 

of the tumor. No significant differences could be found for most of the different Tcy, although 404 

an expected trend towards enrichment of exhausted subtypes within the tumor area seemed 405 

to emerge (Fig. 2D). On the contrary, the TCF7 expressing subtypes, i.e., Tcy05 and Tcy06, 406 

were blocked at the TSI and were not detected in the tumor bed, confirming the finding 407 

described in a previous report31 (Fig. 2D). Finally, comparing RESP vs NRESP, no significant 408 

differences were found in bulk (Suppl. Fig. 6C) and in-silico microdissected areas (Suppl. Fig. 409 

6D). 410 

 411 

4. Spatial dynamics of Tcy differentiation  412 

In the previous section, only discrete spatial differences could be detected comparing the 413 

enrichment of different Tcy subtypes within the different areas of the tumor. Nonetheless, as 414 

Tcy infiltrate the tumor and are chronically exposed to tumor-specific antigens (tumor-immune 415 

interaction) and to the immune microenvironment (immune-immune interaction), a spatial 416 

differentiation trajectory is expected. We hypothesized that the spatial differences in Tcy 417 

subtype were not completely captured by our previous analysis, largely because of the use of 418 

microdissected areas (TA, TSI and NTA) as opposed to a continuous spatial description from 419 

the non-tumor area towards the tumor area. As such, we further refined the spatial resolution 420 

of our analysis to further explore the tumor-Tcy interaction and Tcy expression profile.   421 

First, based on our observation of a trend towards enrichment of the exhausted phenotypes 422 

within the tumor, we evaluated the spatial dynamics of Tcy activation, applying a simplified 423 

model that integrates the simultaneous expression of 4 markers (CD69, OX40, LAG3 and TIM-424 

3) as previously published46. By comparing the average level of activation in the 3 different 425 

microdissected areas, not surprisingly Tcy are significantly more active in the NTA compared 426 



to Tcy in the TA (Fig. 2E-F). Furthermore, the same spatial dynamics is observed when 427 

analyzing Tcy activation for each Tcy subtype in the different microdissected areas although 428 

only that of Tcy06 is significant (Fig. 2G).  429 

Next, to profile how this level of activation dynamically evolves even in a higher 430 

resolution, the average level of activation of Tcy at specific distances from the tumor edge was 431 

analyzed. This confirmed the largest change in activation status as happening in the TSI at 60 432 

micrometers of the tumor-edge towards the NTA (Fig. 2H). Interestingly, at 180 micrometers 433 

from the tumor-edge towards the NTA the normalized Tcy activation starts decreasing as 434 

indicated by the negative value of the first derivative of the fitted curve (see methods) (Fig. 435 

2H). This suggests that active Tcy accumulate in the vicinity of the tumor edge still within the 436 

NTA. When comparing RESP vs NRESP, the gradient in activation is more pronounced for 437 

RESP patients (Fig. 2I).  438 

As we could observe this transition in Tcy activation status, mainly at the TSI, we 439 

expected to see a similar spatial transition in Tcy differentiation. Indeed, when plotting the 440 

probability of each Tcy belonging to any of the proteomic Tcy signatures at different distances 441 

to the tumor edge (see methods), a spatial gradient emerged. It was apparent that Tcy outside 442 

the tumor, far from the edge, are likely to be part of cluster Tcy05. On the contrary, when closer 443 

to the tumor edge, this likelihood decreases, and Tcy are more likely to be part of cluster Tcy06 444 

and Tcy07 (Fig. 3A). Tcy infiltrating the tumor are more likely to be part of Tcy08 and eventually 445 

Tcy09 as they infiltrate deeper in the tumor, very much in line with the results obtained from 446 

our Tcy activation analysis (Fig. 2E-G). This spatial trajectory of Tcy subtype signature from 447 

outside the tumor to inside the tumor (Tcy05 to Tcy09), is also notable by the mean distance 448 

to the tumor edge for each of the Tcy subtypes (Suppl. Fig. 7). This again confirms this non-449 

random spatial distribution of Tcy. Moreover, when comparing the expression values of 450 

selected markers of activation and exhaustion in Tcy05-09, we observed a gradient in 451 

expression of these markers in these subtypes (Fig. 3B). Based on these results, we 452 

hypothesized these spatial changes in Tcy subcluster signature correlates with a spatial 453 

differentiation trajectory within the tissue and this trajectory in T-cell phenotype and function is 454 

caused by the dynamic process of T-cells infiltrating the tumor from the peritumoral niche. To 455 

further corroborate this spatial behavior, we correlated the spatial distance of Tcy to the tumor 456 

edge with a pseudotime value obtained after cell lineage and pseudotime inference using 457 

Slingshot52 to a selected number of Tcy subtypes (Fig. 3C-F). Indeed, we could observe a non-458 

random behavior between the spatial location of Tcy and the pseudotime values, confirming 459 

that Tcy which are deeply infiltrative in the tumor are indeed the more terminally 460 

differentiated/exhausted cells and Tcy outside the tumor are generally more functional/less 461 

exhausted and hence are at the beginning of their differentiation trajectory. In addition, with 462 

this approach, we could further determine the location of the Tcy subset in treatment naïve as 463 

well as anti-PD-1 treated patients29–31,36. Our results show a peak in cytotoxicity (as determined 464 

by GrB expression) and proliferation (as determined by Ki67 expression) combined with a 465 

lower TCF7/higher PD-1 expression at the inner border of the TSI compared to the outer rim 466 

of the tumor stroma interface or non-tumoral areas (Fig. 3F). 467 

 468 

5. Spatial Tcy macrophage interaction  469 

Besides defining the Tcy niche and the Tcy tumor interaction, we were wondering to what 470 

extent an immune-immune interaction (e.g., the interaction between Tcy and other immune 471 

cell types present in the TME) and the composition of the immune cell niche impacts on this 472 

trajectory. Based on our cell composition analysis we found that macrophages are the most 473 

abundant immune cell type in both the TA and the TSI (Fig. 1C). 474 



Other groups have shown by using ex vivo and/or functional assays that the myeloid 475 

compartment and Tcy closely interact and influence each other in multiple ways, such as, 476 

myeloid cell triggered suppression of Tcy effector function and/or Tcy exhaustion or Tcy-477 

induced macrophage polarization74–79. Nonetheless, in situ confirmation of these findings by 478 

spatial analysis is rather limited. We were therefore specifically interested in further 479 

deciphering this Tcy-macrophage interaction.  480 

 481 

5.1. Spatial effect of neighboring Tcy on PD-L1 expression in macrophages 482 

We first analyzed the correlation between neighboring Tcy and the expression of PD-L1 in 483 

macrophages. PD-L1 expression in macrophages has been described to have predictive value 484 

in patients treated with anti-PD-1 antibodies in melanoma, ovarian cancer, sarcoma and 485 

NSCLC, suggesting that the PD-L1 status of macrophages is important in addition to their mere 486 

presence in the tumor stroma80–82. Similar to Tcy activation, we analyzed how the expression 487 

of PD-L1 in both M1-like and M2-like macrophages differs depending on their localization 488 

relative to the tumor. For both types of macrophages, the PD-L1 expression is significantly 489 

lower in the TA when compared to the NTA and the TSI (Fig. 4A). Next, by increasing the 490 

spatial resolution around the tumor edge, we observed a peak in PD-L1 expression close to 491 

the tumor edge outside of the tumor for M1-like and M2-like macrophages (peak at 40 µm and 492 

70 µm respectively from the tumor edge), with the highest expression observed in M2-like 493 

macrophages (Fig. 4B). Based on the predictive value of PD-L1 expression in macrophages 494 

for checkpoint inhibitors described by others80–82, we repeated the analysis only for the anti-495 

PD-1-treated patients (7 RESP, 8 NRESP). Remarkably, for both types of macrophages, these 496 

differences are only preserved for the subset of RESP patients whereas for the NRESP 497 

patients the differences are not significant (Suppl. Fig. 8). Next, we hypothesized that the 498 

expression of PD-L1 in macrophages is also influenced by the local microenvironment, 499 

specifically by Tcy, for example via interferon-gamma secretion83,84. For this analysis, we 500 

calculated the shortest distance to the closest Tcy for all macrophages irrespective of their 501 

location and defined a cut-off value of 100 µm to discriminate between macrophages that could 502 

be considered close to at least one Tcy (‘Tcy-close’) and macrophages that could be 503 

considered far from any Tcy (‘Tcy-far’). Comparing PD-L1 expression in these two groups of 504 

macrophages, PD-L1 was found significantly higher in ‘Tcy-close’ macrophages (Fig. 4D). 505 

Coherently, when analyzing the expression of PD-L1 relative to a gradual increase in distance 506 

to the closest Tcy, we observed a gradual decrease in the level of expression with the distance 507 

away from a Tcy (Fig. 4E). Interestingly, when comparing RESP and NRESP, an inverse 508 

correlation between PD-L1 expression and distance to closest Tcy is only present in the RESP 509 

patients (Fig. 4F).  510 

Based on the previous analysis, 2 spatial components influence the expression of PD-511 

L1 in M1-like and M2-like macrophages: 1) The localization of the macrophage relative to the 512 

tumor, and 2) distance to Tcy, specifically for RESP patients. To evaluate whether both spatial 513 

components have a synergistic effect on PD-L1 expression, we compared the level of PD-L1 514 

in the following 4 groups, both for M1-like and M2-like macrophages: 1) Macrophages close to 515 

the tumor edge and close to Tcy (‘Close-Close’; CC), 2) Macrophages close to the tumor edge 516 

but far from Tcy (‘Close-Far’; CF), 3) Macrophages far from the tumor edge but close to Tcy 517 

(‘Far-Close’; FC), and 4) Macrophages far from the tumor edge and far from Tcy (‘Far-Far’; 518 

FF). Confirming the previous analysis, both spatial features (distance to tumor edge and 519 

distance to Tcy) were associated with increased expression of PD-L1 (comparing both ‘Close-520 

Far’ and ‘Far-Close’ with ‘Far-Far’). As expected, the highest expression is observed in the 521 

‘Close-Close’ subgroup, suggesting a rather additive effect of both spatial components (Fig. 522 



4G). When comparing RESP and NRESP, the significant difference between ‘Close-Close’ 523 

and ‘Far-Far’ is only preserved in the RESP patients both in M1-like and M2-like macrophages 524 

(Fig. 4H).  525 

 526 

5.2. Spatial effect of neighboring macrophages on Tcy activation  527 

Next, we investigated the effect of neighboring macrophages on the activation status of Tcy. 528 

We previously showed a gradual onset of exhaustion as Tcy infiltrate the tumor (Fig. 2E). 529 

Similar to the influence of neighboring Tcy on the expression of PD-L1 in macrophages, we 530 

explored how this spatial behavior of Tcy activation is affected by the presence of 531 

macrophages close to Tcy. To start, using the shortest distance to the closest macrophage, 532 

we separated Tcy into ‘M1 close’/’M2 close’ Tcy and ‘M1 far’/’M2 far’ Tcy using 30 µm as 533 

threshold to define ‘close’ vs ‘far’ (Fig. 5A). We found that Tcy close to M1-like macrophages 534 

are significantly more exhausted than Tcy that are far away from M1-like macrophages, which 535 

was not significant for M2-like macrophages (Fig. 5C). When comparing RESP with NRESP, 536 

remarkable differences emerge. Whereas Tcy close to M1-like macrophages are significantly 537 

more exhausted compared to Tcy far from M1-like macrophages in the RESP patients, no 538 

significant difference in level of activation of Tcy in relation to macrophages is observed in the 539 

NRESP patients (Fig. 5B and 5D).  540 

Finally, we combined both spatial features (location of Tcy relative to the tumor-edge 541 

and distance to closest M1/M2-like macrophage) comparing the level of Tcy activation in the 542 

following 4 groups: 1) Tcy close to the tumor edge and close to macrophage (‘Close-Close’), 543 

2) Tcy close to the tumor edge but far from macrophage (‘Close-Far’), 3) Tcy far from the tumor 544 

edge but close to macrophage (‘Far-Close’) and 4) Tcy far from the tumor edge and far from 545 

macrophage (‘Far-Far’). Both for M1- and M2-like macrophages, the 2 spatial features work 546 

synergistically in exhausting Tcy with the highest exhaustion present in Tcy close to the tumor 547 

edge and close to macrophages (Fig. 5E). Similarly, when comparing the level of exhaustion 548 

in these 4 different spatial groups of Tcy within RESP and NRESP, the significant difference 549 

is only preserved in the RESP for M1-like macrophages, showing again the highest exhaustion 550 

in ‘Close-Close’ Tcy (Fig. 5F).  551 

 552 

6. Spatial biomarkers predicting response to anti-PD-1 therapy 553 

The ultimate goal of multiplex immunohistochemistry is to serve as a predictive tool for patients 554 

undergoing immune checkpoint inhibitor therapy. We therefore explored to which extent 555 

spatially extracted features can be used to predict response to anti-PD-1 treatment. 556 

On one hand, we observed significant spatial differences in the expression of PD-L1 in 557 

macrophages between RESP and NRESP (Fig. 4). On the other hand, the predictive value of 558 

bulk PD-L1 expression in melanoma has not yet been shown to have predictive ability in 559 

serving as a clinical biomarker85. This is in contrast to other immune checkpoint inhibitor 560 

sensitive diseases where the “bulky analysis” of PD-L1 is used as a stratifying factor for anti-561 

PD-1 therapy80–82. We were therefore wondering whether adding spatial information would 562 

further improve the predictive value of PD-L1 expression. First, considering the average PD-563 

L1 expression in the entire sample (“Bulk analysis”) carries, as expected, a rather low 564 

predictive value (AUC = 0.73, Fig. 6A top). When comparing the PD-L1 expression in M1-like 565 

and M2-like macrophages between RESP and NRESP (“Single-cell, non-spatial”), we 566 

observed an increase in AUC only for the expression in M1-like macrophages (AUC = 0.75, 567 

Fig. 6A center). By adding spatial information and focusing on the expression of PD-L1 568 

exclusively in macrophages that are close to the tumor edge and close to Tcy, we observed a 569 



further increase in the predictive value in M1-like macrophages reaching an AUC of 0.93 (Fig. 570 

6A bottom).  571 

The same improvement in the predictive value of Tcy activation could be obtained by 572 

adding spatial information. Considering the differences in spatial dynamics in Tcy activation 573 

between RESP and NRESP (Fig. 2I), and by comparing the difference in Tcy activation 574 

between TA and NTA, it was apparent that RESP patients were poorly separated from NRESP 575 

patients (AUC 0.7, Fig. 6B). However, when considering only those Tcy that are close to M1-576 

like macrophages and comparing the level of Tcy activation, the predictive value increased, 577 

reaching an AUC of 0.86 (Fig. 6C).578 



Discussion 579 

The race to identify biomarkers to predict a response to checkpoint inhibition therapy in 580 

patients with malignant melanoma has produced a plethora of potential candidates over the 581 

past few years86. Nevertheless, for melanoma, none of these therapies has been implemented 582 

in clinical practice as they have not elicited sufficient predictive power thus far. In contrast to 583 

targeted therapy, where the presence of a single driver mutation poses a simple and effective 584 

marker for selecting patients most likely to respond to the corresponding therapy, 585 

immunotherapy treated patients’ responses are vastly more complex. Obviously, the immune 586 

microenvironment poses a multicellular system which amongst others is constituted of multiple 587 

types of inflammatory cells, each of them present in many different functional states and 588 

locations. It has become obvious that to adequately interrogate the tumor immune ecosystem, 589 

the use of single cell technologies that include as many parameters as possible is required. 590 

Importantly these technologies should also enable to capture the spatial distribution of the 591 

different cell types and shed light on their spatial relationships. In this study, we have employed 592 

multiplexed immunohistochemistry to create a detailed immune landscape of untreated 593 

metastatic melanoma, with a focus on the role of Tcy and their spatial interactions with other 594 

components of the tumor microenvironment.  595 

Previous reports based on low-plex immunohistochemistry have found preliminary 596 

evidence that the location, and not just the composition of the inflammatory cells is associated 597 

with functional differences that are fundamental for an anti-tumoral immune response87–92. With 598 

our high-plex spatial technique, we were able to precisely localize each inflammatory cell in 599 

the tissue. This allowed us to study the evolution of some specific functional states in relation 600 

to the spatial distribution of these cells. In particular, we identified Tcy subtypes based on a 601 

marker profile described in previous literature29 and identified their location in the tissue. The 602 

approach we used could be applied on much larger numbers of cells compared to other single 603 

cell techniques e.g., scRNA-seq. Moreover, by applying novel spatial analysis tools in 604 

combination with our previously described Tcy activation score46, we visualized an increase of 605 

Tcy exhaustion along a gradient that ran perpendicular from outside the tumor, across the TSI 606 

towards the inside of the tumor.  607 

In addition, by studying cell-cell interactions using neighborhood analyses, we have 608 

demonstrated that PD-L1 expression is a discriminator for response in our melanoma cohort 609 

when analyzed in the spatial context. Our findings suggest that, at least in melanoma, PD-L1 610 

expression should not be analyzed on bulk level but using technologies with much higher 611 

resolution. Specifically, when integrating spatial information and cell-cell interaction between 612 

Tcy and macrophages, the technique we employed allowed us to further decipher differences 613 

between RESP and NRESP. It is known that PD-L1 expression in macrophages is induced by 614 

an interferon-gamma rich environment secreted by lymphocytes83,84, and that PD-L1 615 

expression by macrophages is typically present at the TSI93. Our data demonstrates that in 616 

RESP patients specifically, PD-L1 expression levels are very high in M1-like and M2-like 617 

macrophages at the TSI followed by a rapid decrease in expression inside the TA. When 618 

investigating the level of Tcy activation, the opposite trend is evident. The closer Tcy are 619 

located to M1-like and M2-like macrophages at the TSI, the larger the decrease in activation 620 

markers, hereby suggesting that in RESP patients, PD-L1 expression and Tcy activation follow 621 

a more orderly spatial regulation while in NRESP patients these are more chaotic.   622 

In summary our data show the feasibility of high-dimensional mIHC as a valuable 623 

technique in the armamentarium of single cell analysis in the quest for biomarkers associated 624 

with response to anti-PD-1 therapy in melanoma. We demonstrate that marker expression on 625 

cellular components of the tumor microenvironment is a very dynamic process, and that spatial 626 



information is crucial in identifying relevant cell-cell interactions and dynamics of marker 627 

expression. Given the complexity of the mechanisms of an immune response we believe that 628 

integrating multiple techniques will be necessary to gain a deeper understanding of what 629 

makes immunotherapy successful.  630 
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Figures and legends 844 

 845 
Figure 1 - Phenotypic identification and in-silico microdissection. A) uMAP showing the 18 846 

different cell phenotypes identified during phenotypic clustering. The colors in the uMAP 847 

represent the populations after manual annotation of the 67 clusters obtained with the 848 

preselected 37 protein markers. B) Heatmap showing the protein signatures of the different 849 

cell phenotypes: rows represent identified cell types, columns represent protein markers. The 850 

score inside each cell of the matrix indicates the average expression of the marker in the 851 

identified population. C) Cell composition analysis of selected cell phenotypes comparing the 852 

relative proportion of immune cells in the different in-silico microdissected areas (NTA: Non-853 

tumor area, TSI: Tumor-stroma interface, TA: Tumor area), using pairwise Wilcoxon test. 854 

Representative core from sample MEL9 from patient PT7 with hematoxylin and eosin (H&E) 855 

(D), composite fluorescent image of 4 markers (+DAPI) after image processing (E), digital 856 

reconstruction of the core highlighting the phenotypic identify of each individual cell (F), and 857 

in-silico microdissection into 3 areas and the tumor edge (solid black line) within the TSI (G). 858 

ns: Not Significant, * p value < 0.05, ** p value < 0.01, *** p value < 0.001, **** p value < 859 

0.0001. 860 

  861 



 862 
Figure 2 - Profiling of cytotoxic T-cells: cytometry and activation. A) uMAP showing the 9 863 

different Tcy subtypes identified during Tcy clustering. The colors represent the populations 864 

after manual annotation of the 34 clusters identified by KMeans with the selected 10 markers. 865 

B) Heatmap showing the protein signatures of the different Tcy subtypes: rows represent 866 

identified Tcy subtypes, columns represent protein markers. The score inside each cell of the 867 

matrix represents the average expression of the marker in the subtype. C) Relative immune 868 

cell proportion of different Tcy subtypes. D) Cell composition analysis of Tcy subtypes 869 

comparing the relative proportion within Tcy in the different in-silico microdissected areas 870 

(NTA: Non-tumor area, TSI: Tumor-stroma interface, TA: Tumor area), using pairwise 871 

Wilcoxon test. E) Average activation of Tcy in the different in-silico microdissected areas (NTA: 872 

Non-tumor area, TSI: Tumor-stroma interface, TA: Tumor area), using pairwise t-test. F) 873 

Boxplots representing the activation of different selected Tcy subtypes. G) Boxplots 874 

representing the activation of the different subtypes within the different in-silico microdissected 875 

areas using pairwise t-test. H) Activation gradients around the tumor-edge (all patients). 876 



Green-shaded area represents the non-tumor area, gold-shaded area represents the tumor-877 

stroma-interface, red-shaded area represents the tumor-area. Each black dot represents the 878 

average activation level of the Tcy at a given discretized distance from the tumor edge. The 879 

blue line represents the curve fitting for the population of black dots. The red dashed line 880 

represents the first order derivative of the blue line. I) Activation gradients around the tumor-881 

edge (RESP: responders vs NRESP: non-responders). ns: Not Significant, ** p value < 0.01. 882 

  883 



 884 
Figure 3 - Profiling of cytotoxic T-cells: Lineage. A) Probability gradients around the tumor-885 

stroma interface (TSI). Green-shaded area represents the non-tumor area, gold-shaded area 886 

represents the TSI, red-shaded area represents the tumor-area. Black dots represent the 887 

estimated probability of a Tcy in that region to belong to any of the subtypes. The blue curve 888 

represents the curve fitting for that cloud of dots. B) Barplots showing the average expression 889 



of 6 pre-selected markers (CD69, GrB, Ki67, PD-1, TCF7, and TIM3) for a subset of the 890 

identified Tcy subtypes (Tcy05:Tcy09). C) Diffusion map representing the projection of the 891 

trajectory described by the pseudotime analysis (black line). The scatter plot is colored by the 892 

different pre-selected Tcy subtypes (Tcy05:Tcy09). D) Density plot of the Tcy subtypes within 893 

the trajectory defined by the normalized pseudotime. E) Scatter plot showing the correlation 894 

between the distance to the tumor edge and the inferred pseudotime trajectory. Black dots 895 

represent the average normalized pseudotime for the set of Tcy located at a given distance 896 

from the tumor edge. The dashed red line represents the first-order derivative of the fitted 897 

curve. F) Histogram plots showing the average expression value of the markers used to define 898 

the pseudotime along the trajectory. The normalized distance to the tumor-edge (DTE) is also 899 

represented. 900 

  901 



 902 
Figure 4 - PD-L1 expression in macrophages. A) Boxplots showing PD-L1 expression in M1-903 

like and M2-like macrophages in the different in-silico microdissected areas. (NTA: Non-tumor 904 

area, TSI: Tumor-stroma interface, TA: Tumor area), using pairwise t-test test. B) PD-L1 905 

gradient based on distance to the tumor edge. Green-shaded area represents the non-tumor 906 

area, gold-shaded area represents the TSI, red-shaded area represents the tumor-area. Dots 907 

represent the average PD-L1 expression in M1-like and M2-like macrophages at a certain 908 

distance of the tumor edge. Lines represent the fitted curves for those clouds of points. C) PD-909 

L1 gradient based on distance to the tumor edge stratified by patient response. D) Boxplots 910 

showing PD-L1 expression based on discretized distance to closest Tcy (cut-off distance 911 

value: 100 µm) using pairwise t-test (fdr corrected). E) Scatter plot showing PD-L1 expression 912 

in M1-like and M2-like macrophages based on their distance to the closest Tcy. Each dot 913 

represents the average expression of the macrophages located at a certain distance from the 914 

closest Tcy (bins of 10 µm). Yellow-shaded area represents the ‘close’ region, light-blue-915 

shaded area represents the ‘far’ region. F) Scatter plot showing the PD-L1 expression in M1-916 

like and M2-like macrophages based on their distance to closest Tcy stratified by patient 917 

response (RESP: responders, NRESP: non-responders). G) Boxplots showing PD-L1 918 

expression based on discretized distance to the edge and to closest Tcy using pairwise t-test 919 

(fdr corrected) (CC: Close-Close, CF: Close-Far, FC: Far-Close, FF: Far-Far). H) Boxplots 920 

showing PD-L1 expression based on discretized distance to the edge and to closest Tcy 921 

stratified by patient response using pairwise t-test (fdr corrected). ns: Not Significant, * p value 922 

< 0.05, ** p value < 0.01.  923 



 924 
Figure 5 - Tcy activation levels based on distance to closest macrophage. A) Scatter plot 925 

showing average activation value of Tcy based on distance to closest macrophage. The 926 

Yellow-shaded area represents the ‘close’ region, the light-blue-shaded area represents the 927 

‘far’ region. B) Scatter plot showing average activation value of Tcy based on distance to 928 

closest macrophage stratified by patient response. C) Boxplots showing the activation level of 929 

Tcy based on discretized distance to closest macrophage using pairwise t-test (fdr corrected). 930 

D) Boxplots showing the activation level of Tcy based on discretized distance to closest 931 

macrophage stratified by patient response using pairwise t-test (fdr corrected). E) Boxplots 932 

showing the activation level of Tcy based on discretized distance to closest macrophage and 933 

distance to the edge using pairwise t-test (fdr corrected) (CC: Close-Close, CF: Close-Far, FC: 934 

Far-Close, FF: Far-Far). F) Boxplots showing the activation level of Tcy based on discretized 935 

distance to closest macrophage and distance to the edge stratified by patient response using 936 

pairwise t-test (fdr corrected). ns: Not Significant, * p value < 0.05, ** p value < 0.01, *** p value 937 

< 0.001. 938 



 939 



Figure 6 - High order biomarkers. A) Left: Barplots showing the average PD-L1 expression in 940 

all cells (top, ‘Bulk’), M1-like macrophages (center, ‘Single-cell’), and spatially selected 941 

(distance to tumor edge less than 30 µm and distance to the closest Tcy less than 10 µm) M1-942 

like macrophages (bottom, ‘Spatial single-cell’) for each patient and colored by patient 943 

response: responders (RESP), non-responders (NRESP). Right: ROC curves corresponding 944 

to the score rankings for the different candidate biomarkers. B) Left: Barplot showing the 945 

difference in Tcy activation between tumor and non-tumor areas for RESP and NRESP 946 

patients. Each bar represents a patient. The module of the bar is calculated as the difference 947 

between the average Tcy activation in the non-tumor area and the average Tcy activation in 948 

the tumor area. Activation values were first normalized (z-scores) for each core. Right: ROC 949 

curve corresponding to the score ranking. C) Left: Barplot showing the average Tcy activation 950 

level at less than 10 µm from the closest M1-like macrophage. Right: ROC curve 951 

corresponding to the score ranking.  952 
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 954 
Supplementary Figure 1 - In-silico microdissection. A) Scatter plot of a representative core 955 

from sample MEL9 from patient PT7. Melanoma cells are colored in red. Any other cell 956 

phenotype is colored in grey. B) Heatmap representing the proportion (P) of melanoma cells 957 

after tiling the tissue in squares of 50x50px. C) Binary mask obtained after applying a cut-off 958 

of P>0 to B. D) Binary mask obtained after applying a median filter to C. Tumoral areas are 959 

shown in red, non-tumor areas are shown in grey. E) Tumor mask used to calculate the tumor 960 

edge. Red: tumor positive, Black: tumor negative, Grey: areas without tissue. F) Dilated tumor 961 

mask after applying a box kernel of 5px of diameter to F. G) Tumor negative mask (blue) after 962 

applying a dilation function with a box kernel of 51px of diameter to the 1-complement of F. H) 963 

Positive mask for areas without tissue (green). I) Outside mask after applying a dilation function 964 

with a box kernel of 251px of diameter to H. J) 1-complementary of I (tissue removing edges). 965 

K) Tumor edge: overlapping between the masks obtained in F (dilated tumor positive), G 966 

(dilated tumor negative), and J (tissue without edges). L) Tumor stroma interface: obtained 967 

mask after dilating the tumor edge with a box kernel of 301px of diameter. M) In-silico 968 

microdissected tissue: red represents the tumor area (E), green represents the non-tumor 969 

area, gold represents the tumor-stroma interface (L), the black line represents the tumor edge 970 

(K). 971 
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 973 
Supplementary Figure 2 – Nanostring Analysis. A) Volcano plot showing the results from 974 

differential gene expression analysis: genes colored in green represent genes overexpressed 975 

in responders (RESP) when compared to non-responders (NRESP); genes colored in red 976 

represent genes underexpressed in RESP when compared to NRESP; the rest of the genes 977 

are represented in gray. Dashed lines represent the thresholds used to define statistical 978 

significance (logFC = -1/+1, p-value = 0.05). B) Volcano plot showing the results from gene-979 

set enrichment analysis. Labelled genes represent genes belonging to the specific pathway, 980 

all the rest of genes are colored as gray dots. C) Digital cytometry analysis using CibersortX 981 

for general immune populations. The LM22 signature matrix was used. None of the included 982 

immune types show significant differences when comparing the fractions of RESP vs NRESP 983 

patients (Wilcoxon test). D) Digital cytometry analysis using CibersortX for Tcy subtypes. The 984 

signature matrix was generated using the data included in Sade-Feldman et al29. None of the 985 

included subtypes showed significant differences when comparing fractions from RESP and 986 

NRESP patients. NS: not significant. 987 
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 990 
Supplementary Figure 3 - Phenotypic identification. A-B) uMaps colored by the different sites 991 

of biopsy (sample_type) and patients (patient_id) included in the analysis. C) uMap colored by 992 

each of the 37 markers included in the phenotypic identification. Red dots represent cells with 993 

high expression for the given marker. Grey dots represent cells with low/no expression for the 994 

given marker. D-F) Heatmaps representing the fingerprint for each identified cluster and their 995 

corresponding annotation for the PhenoGraph, KMeans, and FlowSom methods respectively. 996 

Rows represent clusters, columns represent markers. The color in each tile represents the 997 

average expression of the marker for a given cluster. Rows and columns are sorted by 998 

hierarchical clustering. G-I) Jaccard matrices showing the stability between the different 999 



clustering methods: FlowSom vs KMeans, KMeans vs PhenoGraph, and FlowSom vs 1000 

PhenoGraph respectively. Rows and columns represent the identified cell phenotypes. The 1001 

value inside each cell in the matrix represents the number of cells annotated as such in the 1002 

two clustering methods. The color of each cell in the matrix represents the Jaccard distance 1003 

between the cell types in the specific row/column.  1004 
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 1006 
Supplementary Figure 4 - In-silico microdissection. A) In-silico microdissection results for all 1007 

the tissue cores included in the analysis with patient, sample and core ID. B) Stacked bar plots 1008 

showing interpatient variability. Bars represent the relative area (%) covered by the different 1009 

in-silico microdissected areas in each patient. C) Cell composition analysis of selected cell 1010 

phenotypes comparing the relative proportion of immune cells in the different in-silico 1011 

microdissected areas (NTA: Non-tumor area, TSI: Tumor-stroma interface, TA: Tumor area), 1012 

using pairwise Wilcoxon test. ns: Not Significant, * p value < 0.05, ** p value < 0.01, *** p value 1013 

< 0.001. 1014 
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 1016 
Supplementary Figure 5: Response-related cytometry analysis. A) General cytometry. 1017 

Boxplots showing the relative immune cell proportion (%) of each identified cell phenotype 1018 

comparing responding (RESP, n=7) vs non-responding (NRESP, n=8) patients (Wilcoxon 1019 

test). B) Cytometry analysis in the different in-silico microdissected areas. NS: not significant. 1020 
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 1022 
Supplementary Figure 6 - Profiling of cytotoxic T-cells: cytometry. A) uMap colored by each of 1023 

the 10 markers included in the clustering. Red dots represent cells with high expression for the 1024 

given marker. Grey dots represent cells with low/no expression for the given marker. B) 1025 

Heatmap representing the fingerprint for each identified cluster and their corresponding 1026 

annotation for the KMeans method. Rows represent clusters, columns represent markers. The 1027 

color in each tile represents the average expression of the marker for a given cluster. Rows 1028 

and columns are sorted by hierarchical clustering. C) General cytometry. Boxplots showing the 1029 

relative Tcy proportion (%) of each identified subtype comparing responding (RESP, n=7) vs 1030 

non-responding (NRESP, n=8) patients (Wilcoxon test). D) Cytometry analysis in the different 1031 

in-silico microdissected areas. NS: not significant. 1032 

  1033 



 1034 
Supplementary Figure 7 - Tcy profiling: distance to the tumor edge. Barplots indicating the 1035 

average distance (in micrometers) from the different identified Tcy subtypes to the tumor edge. 1036 

The black line indicates the standard deviation of each distribution. 1037 
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 1039 
Supplementary Figure 8 - Spatial effect on macrophage PD-L1 expression. Boxplots showing 1040 

PD-L1 expression in M1-like and M2-like macrophages for the different in-silico microdissected 1041 

areas separately for responding (RESP) and non-responding (NRESP) patients. Significance 1042 

was calculated using pairwise Wilcoxon test (fdr corrected). ns: Not Significant, * p value < 1043 

0.05. 1044 
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