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Melanoma is an immunogenic cancer with a high response rate to immune checkpoint inhibitors (ICIs). It harbors 
a high mutation burden compared with other cancers and, as a result, has abundant tumor-infiltrating lympho-
cytes (TILs) within its microenvironment. However, understanding the complex interplay between the stroma, 
tumor cells, and distinct TIL subsets remains a substantial challenge in immune oncology. To properly study this 
interplay, quantifying spatial relationships of multiple cell types within the tumor microenvironment is crucial. To 
address this, we used cytometry time-of-flight (CyTOF) imaging mass cytometry (IMC) to simultaneously quantify 
the expression of 35 protein markers, characterizing the microenvironment of 5 benign nevi and 67 melanomas. 
We profiled more than 220,000 individual cells to identify melanoma, lymphocyte subsets, macrophage/monocyte, 
and stromal cell populations, allowing for in-depth spatial quantification of the melanoma microenvironment. We 
found that within pretreatment melanomas, the abundance of proliferating antigen-experienced cytotoxic T cells 
(CD8+CD45RO+Ki67+) and the proximity of antigen-experienced cytotoxic T cells to melanoma cells were associated 
with positive response to ICIs. Our study highlights the potential of multiplexed single-cell technology to quantify 
spatial cell-cell interactions within the tumor microenvironment to understand immune therapy responses.

INTRODUCTION
The complex interactions between tumor, stroma, and the immune 
system are key to cancer development. Cutaneous melanoma is char-
acterized by a high mutation burden, neoantigen load, and a hetero-
geneous immune infiltrate (1). Melanomas use a number of strategies 
to evade immunosurveillance, including antigen-presenting cell (APC) 
dysfunction, immune checkpoint expression, and a tolerogenic micro-
environment (2). The discovery and therapeutic targeting of immune 
checkpoints has been a breakthrough in the treatment of this malig-
nancy (3–5). While it is increasingly apparent that the composition 
of the melanoma microenvironment plays an essential role (6), our 

current understanding of the mechanisms of response and resistance 
to immune checkpoint inhibitors (ICIs) remains incomplete.

RNA sequencing studies have significantly contributed to our under-
standing of the melanoma microenvironment by identifying a number 
of determinants of ICI response. For instance, bulk RNA sequencing 
of patient samples reveals an innate anti-PD1 resistance (IPRES) sig-
nature (7). At the single-cell level, RNA sequencing shows that mela-
noma tumor cells can express a T cell exclusion program, which 
correlates with poor response to anti-PD1 therapy. Furthermore, ex-
pression of the TCF7 transcription factor by CD8+ cytotoxic T cells is 
predictive of a favorable clinical outcome in ICI-treated patients (8).

A number of studies have used single-cell protein expression ap-
proaches to identify correlates of ICI response in dissociated tissues. For 
example, flow cytometry time-of-flight (CyTOF) profiling of periph-
eral blood mononuclear cells (PBMCs) identifies pretreatment mono-
cyte and natural killer subsets that correlate with ICI response (9, 10). 
CyTOF flow analysis of dissociated melanomas found distinct cellular 
mechanisms between different ICI therapies (11, 12). Specifically, anti-
PD1 and CTLA4 ICIs both target subsets of exhausted-like CD8 T cells 
(CD45RO+PD1+TBET+EOMES+), whereas anti-CTLA4 therapies ex-
pand an ICOS+ T helper 1 (TH1)–like CD4 effector population (12).

An important limitation of single-cell sequencing and multi-
plexed flow cytometry approaches is their inability to capture spa-
tial information. The organization of the tumor microenvironment 
is predictive and prognostic in multiple malignancies. For instance, 
the proximity of PD1 to its PD-L1 ligand correlates with improved 
response to anti-PD1 immunotherapy in multiplexed immunofluo-
rescence analyses of pretreatment melanoma samples (6). Furthermore, 
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the location of CD8+ lymphocytes in relation to the tumor border is 
linked to patient outcome in triple-negative breast cancer and cutaneous 
melanoma (6, 13, 14). While limited by the number of markers con-
currently captured by fluorescence microscopy, these studies highlight 
the importance of preserving spatial information with multiplexed 
proteomic profiling of the tumor microenvironment (15, 16).

In this study, we used CyTOF imaging mass cytometry (IMC) to 
spatially quantify 35 proteins at subcellular resolution in 5 benign 
nevi and 67 melanomas, including 30 samples procured from patients 
before the start of ICI therapy. This approach allowed for a compre-
hensive characterization of immune cell organization within the tu-
mor microenvironment. We observed a high degree of heterogeneity 
in the magnitude and the composition of the immune infiltrate, and 
described an overarching hierarchy in its organization. The abundance 
of tumor-infiltrating lymphocyte (TIL) subsets is associated with better 
prognosis and response to ICIs (17–19). Here, we found that of this 
TIL population, it was the enrichment of proliferating antigen-
experienced cytotoxic T cells (CD8+CD45RO+Ki67+) within the pre-
treatment melanoma microenvironment that was associated with ICI 
response. Furthermore, the proximity and contact frequency between 
antigen-experienced cytotoxic T cells and melanoma cells was a signif-
icant spatial determinant of ICI response in pretreatment samples.

RESULTS
Development of a multiplexed antibody panel 
to characterize the melanoma microenvironment
Our CyTOF IMC profiling used tissue microarray (TMA) slides 
containing multiple samples stained with a cocktail of 35 antibodies 
labeled with unique metal isotopes (Fig. 1A and tables S1 to S3). A 
high-energy laser ablated slides 1 m2 at a time, converting the tis-
sue into ionized plumes. These plumes were then processed in a 
TOF mass spectrometer, deriving isotope counts for each ablated 
spot. This information was then used to reconstruct a stack of 35 
images, reflecting each antibody staining pattern. To develop an 
antibody panel that could extensively characterize the melanoma 
microenvironment, we selected antibodies commonly used for 
immunohistochemistry and immunofluorescence applications, in-
cluding clinically used clones (e.g., SP142 for PD-L1 and 4C4.9 for 
S100), for the CyTOF IMC platform. We prioritized antibodies rec-
ognizing phenotypic markers to delineate the immune infiltrate 
(CD3, CD4, CD8, CD20, and CD68), along with selected immune 
checkpoints (CD40, ICOS, LAG3, TIM3, PD-L1, and VISTA), mel-
anoma markers (SOX10 and S100), and stromal markers (CD31 for 
endothelial cells) (Fig. 1A). We also included antibodies against key 
melanoma signaling pathway regulators {-catenin and total and 
phosphorylated ERK (extracellular signal–regulated kinase) and 
MEK [mitogen-activated protein kinase (MAPK) kinase]} and phe-
notypic events (Ki67 to measure proliferative status). The antibod-
ies used in our panel were initially validated in spleen and melanoma 
tissue to confirm affinity and specificity of binding (Fig. 1, B to G, 
and see the “Antibody validation” section in Materials and Meth-
ods). As expected, we observed CD68 and CD3 expression to be 
mutually exclusive and localized to the cytoplasm and cell mem-
brane in a spleen sample (Fig. 1E). Similarly, CD4 and CD8 (markers 
of T helper and cytotoxic T cells, respectively) were mutually ex-
clusive, whereas FoxP3 yielded a nuclear signal and was coexpressed 
with CD4, as expected for regulatory T cells (Tregs) (Fig. 1F). S100 
and SOX10 both stained melanoma cells, and were thus frequently 

coexpressed, while remaining mutually exclusive to the lymphocytic 
marker CD3 (Fig. 1G).

The histological architecture of normal and malignant tissue was 
also used to validate antibody binding. As expected, germinal centers 
in the spleen had a high number of CD20-positive B cells, whereas 
the surrounding corona was predominantly populated with CD4-
positive T helper cells and CD68-positive macrophages (Fig. 1D). 
Vessel-like structures stained positive for CD31 across multiple tissue 
samples (example in Fig. 1B). SOX10 expression in melanoma cells 
was confined to the nucleus, whereas S100 staining was predomi-
nantly cytoplasmic and mirrored the appearance of melanoma cells 
seen in immunohistochemistry preparations (Fig. 1, C and G). In 
summary, the antibodies used in this study provided markers to 
identify melanoma, lymphocyte subsets, macrophage/monocyte, and 
stromal cell populations as well as expression of key signaling path-
ways and immune checkpoints.

Establishment of an analysis pipeline to characterize 
the spatial immune landscape of melanoma
To gain a comprehensive view of the melanoma microenvironment 
at various stages of disease and across different melanoma subtypes, 
we first applied our CyTOF IMC profiling platform to characterize 
a commercially available cohort of 42 melanocytic neoplasms, 
which included 5 benign nevi, 6 primary acral, 7 non-acral cutane-
ous, and 13 mucosal melanomas, as well as 11 lymph node metasta-
ses (note that this cohort did not receive ICI therapy). However, to 
identify correlates of ICI response, we profiled pretreatment mela-
noma samples from 30 patients with advanced disease who subse-
quently received ICI therapy (8 treated with anti-PD1, 17 with 
anti-CTLA4, and 5 with both anti-PD1 and CTLA4 in this ICI-treated 
cohort). Treatment response was determined by the immune-related 
response criteria (irRC) (table S1) (20). Fourteen patients demon-
strated a response to ICI therapy, which was defined as either a 
complete response (CR), partial response (PR), or stable disease 
(SD). Sixteen patients had progressive disease (PD) and were con-
sidered nonresponders.

To convert the raw IMC images into single-cell data, we opti-
mized a data analysis pipeline (21) for our dataset (Fig. 2A and fig. 
S1A). We used nuclear channels (histone H3 and iridium) to iden-
tify cell nuclei, which served as the basis for cell segmentation, and 
computed average marker intensities for each individual cell. Next, 
we applied PhenoGraph (22) and k-means clustering on the inten-
sities of 10 lineage markers (CD45, CD3, CD4, CD8, CD20, CD68, 
CD14, SOX10, S100, and CD31) to initially classify cells into six 
lineages: CD8+ cytotoxic T cells (Tc), CD4+ T helper cells (Th), 
macrophage and monocytes (macro.mono; CD68+ or CD14+), B cells 
(B; CD20+), melanoma and melanocytes (melano; SOX10+ or S100+), 
and endothelial cells (CD31+). Cells that did not express any of 
the aforementioned markers or with conflicting expression patterns 
were classified as “others” (see the “Cell reassignment of ICI-treated 
dataset” section in Materials and Methods). This initial classifica-
tion was further refined using positivity for FoxP3 and CD45RO, as 
determined by the ilastik supervised learning algorithm (23), to 
identify Tregs (CD4+FoxP3+) (24) and discriminate between naive 
(Tc.naive and Th.naive; CD45RO−) and antigen-experienced (Tc.ae 
and Th.ae; CD45RO+) cytotoxic and helper T cells (fig. S1A; result-
ing mean marker intensities in Fig. 2B for ICI-treated cohort 
and fig. S1B for non–ICI-treated cohort) (25). To assess the quality 
of our cell classification, we compared the raw images with the 
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Fig. 1. Multiplexed CyTOF IMC marker panel to characterize the melanoma microenvironment. (A) Illustration of the data acquisition workflow used for CyTOF IMC: (1) One 
4-m-thick section of a TMA composed of 1-mm2 melanoma cores (2) was stained with a cocktail of 35 antibodies labeled with metal isotopes (colored asterisks). (3) Samples 
were then ablated with a high-energy laser in a rastered pattern. The resulting ionized isotope plumes were analyzed by a mass cytometer, which returned the number and 
type of metal isotopes per pixel. (4) Each antibody resulted in a single image per sample, and together constructed a multi-image stack. (B) Representative images of stroma 
(orange), immune (green), and nuclear (blue) markers from a spleen sample. Scale bar in upper left image. (C) Representative images of melanoma markers (red), immune 
checkpoints (purple), cell status markers (white), cell signaling (yellow), stroma (orange), and nuclear (blue) markers in a melanoma sample. Scale bar in upper left image. 
(D) Representative multicolor image of a spleen sample, illustrating the architecture of a germinal follicle along with its cell populations. (E) Color overlay of an image obtained 
in spleen showing signal for histone H3, CD68 (macrophage), and CD3 (lymphocyte) markers. (F) Image obtained from a melanoma sample showing signal for CD4 (T helper 
cells), CD8a (cytotoxic T cells), and FoxP3 (Tregs). (G) Image obtained from a melanoma samples showing signal for S100 and SOX10 (melanoma) with CD3 (lymphocyte).
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Fig. 2. Analysis pipeline to characterize the spatial immune landscape of melanoma. (A) Overview of the data analysis pipeline used in this study. Cells were first 
segmented to identify cellular location. They were then classified into 10 cell types based on the expression pattern of 12 lineage markers using k-means/PhenoGraph 
clustering and ilastik. Dimensionality reduction was performed using UMAP to visualize and assess the quality of the cell classification. Proportions of cell types were 
compared across clinical features and treatment groups. Spatial analyses were performed using the locations of cells within each tissue slide. (B) Heatmap of the mean 
intensity of each identity marker for each cell type in the ICI-treated cohort. Mean intensity is calculated per cell type from the normalized mean expression per cell. See 
fig. S1B for the non–ICI treated cohort. (C) Examples of raw (top) and processed (bottom) images for sample 26BL. Top: Raw signal intensities for melanoma (SOX10), 
macrophage/monocyte (CD14/CD68), lymphocyte (CD3), and endothelial (CD31) antibody markers. Bottom: Segmented cells labeled by cell types. (D) Total number of 
cells identified for each cell type in the combined cohort. (E) UMAP projection of all cells from the ICI-treated cohort using expression of the 12 identity markers. Cells are 
labeled according to the cell types identified through clustering. See fig. S1C for non–ICI treated cohort.
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segmented/lineage-assigned image and observed clear agreement 
between staining patterns (Fig. 2C). In addition, we used the Uni-
form Manifold Approximation and Projection (UMAP) algorithm 
(26) to project all identified cells (Fig. 2E) on a two-dimensional plane 
reflecting the expression of our 12 identity markers, and found dis-
tinct clustering patterns recapitulating the identified cell types 
(Fig. 2E and figs. S1, C to E, S2, and S3). Our approach allowed for 
the localization and classification of more than 220,000 individual 
cells from 72 samples (fig. S4 and table S4), profiling the melanoma 
microenvironment at great depth.

Image analysis identified distinct immune infiltration 
patterns within melanoma samples
Having classified each cell into its respective subtype, we compared 
the immune landscape across samples. We found that immune in-
filtration patterns varied broadly, ranging from “immune-cold” 
tumors with few or no immune cells to strongly infiltrated tumors 
(Fig. 3, A and B). We observed trends toward fewer immune cells in 
nevi and acral melanomas, and more macrophages and monocytes 
in mucosal melanomas and lymph node metastases (fig. S5, A and 
B). Nevi and acral melanomas had a higher proportion of “other” 
cells that lacked signal from lineage markers used in our panel, likely 
due to the higher frequency of fibroblasts and keratinocytes, as evi-
denced by the global histological architecture of these areas (fig. S5C). 
However, within the immune component, nevi had a significantly 
higher fraction of naive cytotoxic T cells and T helper cells com-
pared with primary and metastatic melanoma (fig. S5D). Although 
brain metastases made up only a small part of our cohort, these 
samples had a smaller immune component that was enriched in 
monocytes/macrophages (fig. S5, B and D).

Next, we examined immune cell composition differences between 
sexes, age groups, and across sites of distant metastasis. Previous 
studies report better anti-PD1 response in patients over 60 years old 
due to the presence of a proportionally higher number of Tregs and 
better responses in younger patients with higher Treg–to–cytotoxic 
T cell ratios (27). In our dataset, we did not observe these relation-
ships, likely due to the differences in sample size (fig. S6A). However, 
patients younger than 60 tended to have a higher proportion of 
melanoma cells within their microenvironment, suggesting purer, less 
immune infiltrated tumors. A recent report indicates that female pa-
tients with melanoma derive less clinical benefit from ICI therapy 
than do their male counterparts (28). We observed a number of trends 
in cell type proportion differences between sexes, but none reached 
statistical significance in our cohort (fig. S6B).

To better understand the global composition and organization of 
the melanoma immune landscape, we examined the presence and 
absence of immune cells within each sample (Fig. 3C; see Materials 
and Methods). The most common infiltrating cell lineage was 
macrophages/monocytes, followed by cytotoxic T cells and T helper 
cells. Cytotoxic T cells co-occurred with cells from the macrophage/
monocyte lineage, and most patients with T helper cells concurrently 
had cytotoxic T cells and macrophages/monocytes within their 
tumor. Tregs and B cells were present in far fewer patients than the 
aforementioned cell types and were detected in only ~10% of sam-
ples. Similarly, these B cells and Tregs were almost always accompa-
nied by the more common cell lineages described above (Fig. 3C). 
This hierarchical ordering was statistically significant on a Fisher’s 
exact test and was robust to changing the thresholds used to deter-
mine cell type presence (fig. S6C).

Immune infiltrates rich in proliferating antigen-experienced 
cytotoxic T cells correlated favorably with 
immunotherapy response
To identify correlates of immunotherapy resistance, we first searched 
for common melanoma microenvironment features that correlated 
with response to anti-CTLA4 or anti-PD1 therapy, focusing on cell 
type–specific expression of the immune checkpoints VISTA, CD40, 
LAG3, OX40, ICOS, PD-L1, and TIM3. We started by performing 
clustering analysis on the expression of these markers in melanoma 
cells. As expected, melanoma cells expressed very little CD40, LAG3, 
OX40, and ICOS, and these markers contributed minimally to the 
clustering (Fig. 3D). Conversely, TIM3, PD-L1, and VISTA were the 
primary markers driving the separation of samples with up-regulated 
immune checkpoints (Fig. 3D, bottom cluster), from those with 
down-regulated checkpoints (Fig. 3D, top cluster). ICI nonresponders 
tended to express globally higher levels of immune checkpoints. How-
ever, no individual marker was significantly differentially expressed 
when comparing responders with nonresponders. Almost all cell types 
showed some level of expression of TIM3, with CD31, Tc.ae, and Tregs 
having more than 50% of their cells positive for TIM3 (fig. S7A). B cells 
were the only cell type with more than 50% of cells positive for CD40, 
and Tregs were the only cell type with more than 50% positivity for ICOS.

Several studies report that the degree of lymphocyte infiltration 
is correlated with patient outcome and response to immunotherapy 
in melanoma (17–19). As expected, we observed that samples with 
a high proportion of cytotoxic T cells and T helper cells showed a 
trend toward favorable treatment response. This trend was most 
pronounced in the subset of CD45RO+ antigen-experienced T cells 
(Fig. 4A). These relationships also held if we restricted the analysis 
to samples with at least 250 melanoma cells (fig. S7, B to D). We 
compared expression of immune checkpoints as well as -catenin 
and MAPK signaling markers (total and phosphorylated MEK and 
ERK), cleaved caspase 3, and Ki67 between responders and nonre-
sponders across all cell types. Of these markers, only the presence of 
Ki67 on antigen-experienced cytotoxic T cells (Tc.ae) showed a sig-
nificant association with improved ICI response (P = 0.022) (Fig. 4B). 
This relationship was also reflected in our survival analysis, as pa-
tients with a high proportion of Ki67+ antigen-experienced T cells 
(i.e., above the median proportion) had improved survival (P = 0.0019) 
(Fig. 4C; representative image of Ki67+ Tc.ae infiltration in Fig. 4D). 
This relationship held when we considered absolute cell counts in-
stead of sample proportions (fig. S7E).

To validate our findings, we first performed immunofluorescence 
microscopy analysis on whole slides originating from the same sam-
ples as our ICI cohort characterized by CyTOF IMC. We stained for 
CD4, CD8, CD20, and FoxP3 markers on the whole tumor slide, which 
represented on average four times the area used in our CyTOF anal-
ysis. First, we found a significant correlation in cell type proportions 
when comparing subsampled regions from whole tumor slides, 
suggesting that smaller cores were generally representative of larger 
tumor areas (fig. S8A). Second, our analysis of additional regions 
from whole slide immunofluorescence data found significant cor-
relations with the cell type proportions measured by CyTOF IMC 
(fig. S8B). Next, we performed immunofluorescence microscopy 
analysis on a validation cohort of 25 melanoma patients with 
cutaneous melanoma treated with ICIs (8 with anti-PD1, 13 with 
anti-CTLA4, and 4 with both anti-PD1 and anti-CTLA4). We found 
that the trend toward longer survival in patients with higher pro-
portions of Ki67+ Tc.ae held in this validation cohort (fig. S8C).
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Fig. 3. Composition and organization of the melanoma immune microenvironment. (A) Stacked bar plots showing the proportion of each cell type in each sample. 
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Antigen-experienced T cells were closer in proximity 
to melanoma cells in pretreatment samples 
from immunotherapy responding patients
Next, we leveraged spatial information to quantify cell-cell interac-
tions between the 10 identified cell types. For each tissue sample, we 
used Delaunay triangulation and a distance threshold of 30 m to 
construct a spatial graph where nodes corresponded to cells and 
edges represented inferred contacts (Fig. 5A). Most cells had five or 
six immediate neighbors located at a median average distance of 16 m 
(fig. S9, A and B). The physical distances between adjacent cells varied 
depending on the cell types, reflecting differences in their size and 
packing characteristics. The smallest distances were observed be-
tween pairs of lymphocytes (median of 13 m), whereas the largest 
distances were observed between endothelial and melanoma cells 
(median of 18 m) (Fig. 5B).

To further study the general spatial structure of the melanoma 
microenvironment, we partitioned the spatial graphs into regions 

comprising connected cells from the same type (representative im-
age in Fig. 5A). For all cell types, we observed that the size of these 
regions followed a heavy-tailed distribution, with more than 50% 
consisting of a single cell (Fig. 5C). However, the size distributions 
differed considerably across cell types. For instance, 50% of cells were 
found within large regions for melanoma (region size > 2031 cells), 
B cells (region size > 521 cells), and others (region size > 155 cells), 
whereas T lymphocytes and endothelial cells belonged mostly to 
small regions of one or two cells (Fig. 5D). Next, we quantified the 
tendency for cells of the same type to cluster together spatially within 
the tumors using the assortativity coefficient, an established mea-
sure used in graph theory (Fig. 5E) (29). A value of 1 would indicate 
perfect assortative mixing (i.e., contacts occur only between cells 
from the same type), a value of zero would indicate random mixing 
between cell types, and a negative value would indicate disassortative 
mixing (preference for contacts between cells from different types). 
While this metric controls for cell type proportions, we observed a 
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positive correlation between these proportions and assortativity 
coefficients, reflecting the fact that the most abundant cell types 
(melano, macro.mono, and others) were usually the ones that showed 
the highest levels of colocalization (fig. S9C). Similarly, we observed 
that cells forming the largest connected regions, which included 
melanoma, B cells, and nonclassified cells (others), usually had the 
highest assortativity coefficients, whereas T lymphocytes had more 
random mixing patterns (Fig. 5E). However, cells from the endo-
thelial lineage (CD31+) had a relatively high assortativity coefficient 
in several samples, despite the small size of their connected regions. 
This reflected the high degree of organization of intratumoral 
vasculature, which appeared as circular or ovaloid shapes in vessel 
cross sections (example images of tumors with a varying range of 
assortativity coefficient for the melanoma and endothelial cell types; 
fig. S9D). These observations underscore the necessity of considering 
multiple metrics to comprehensively characterize the spatial orga-
nization of a given cell type within the tumor.

To identify potential relationships between the organization of the 
tumor microenvironment and response to ICIs, we next considered 
the median distance from melanoma cells to their nearest neighbor 
of each cell type, in each pretreatment melanoma that received ICI 
therapy. We observed that antigen-experienced T cells were located 
significantly closer to melanoma cells in pretreatment tumors from 
ICI responders compared with nonresponders (P = 0.025) (Fig. 5F, 
left). In addition, melanoma cells from nonresponders that had 
proximal antigen-experienced T cells tended to have higher expres-
sion of phospho-ERK compared with responders (fig. S10, A to E). 
Because the distance relationship could have been confounded by 
the proportion of each cell type within the tumors, we used a per-
mutation approach to estimate contact enrichment/depletion while 
taking these proportions into account (14). Specifically, we kept the 
location of melanoma cells fixed within the tumors while permut-
ing the labels of the surrounding cells to estimate null distributions 
for the expected number of contacts. We observed that melanoma 
cells were generally enriched in contacts with cells from the macro-
phage/monocyte and unclassified groups (others) and depleted in 
contacts with endothelial (CD31+) cells (fig. S11A). These features 
were not associated with ICI response (table S5); however, consistent 
with our median distance approach, melanoma cells from ICI 
responders trended toward a larger enrichment of contacts with 
antigen-experienced T cells compared with nonresponders (P = 0.088) 
(Fig. 5F, right). These relationships held if we restricted the analysis 
to samples with at least 250 melanoma cells (fig. S11B; median en-
richment scores for each possible ordered pair of cell types are shown 
in fig. S11C).

By excluding the melanoma cells from the permutation, we con-
trolled for the effect of the tumor structure on contact frequencies. 
If melanoma cells were included in the permutation, their contacts 
with all other cell types generally appeared as depleted (negative z 
scores), and this depletion was strongly correlated with the assorta-
tivity coefficient of the melanoma cells (fig. S11D). This reflected 
the contribution of the tumor structure in preventing interactions 
with the immune and other cell populations. In our ICI-treated co-
hort, we did not observe a significant association between treatment 
response and the assortativity coefficient of the melanoma cells, nor 
with the Tc.ae contact enrichment scores computed without con-
trolling for the tumor structure (table S5). Together, these results 
suggested that the physical proximity and contact frequency be-
tween antigen-experienced cytotoxic T cells and melanoma cells 

were correlates of ICI response that do not merely reflect differences 
in cell type proportions and tumor structure (Fig. 5G).

DISCUSSION
Here, we characterized the immune landscape, tumor vascularity, 
and stromal and tumoral cell composition by performing multiplex, 
single-cell spatial profiling of melanomas using CyTOF IMC. We 
profiled cell types according to their expression of immune check-
points, key melanoma signaling molecules, and proliferation markers. 
This approach provided granularity for the characterization of es-
sential immune, stromal, and tumoral components in the melanoma 
immune microenvironment. By performing cross-sample comparisons, 
we observed considerable heterogeneity in the degree of immune 
infiltration and microenvironment architecture, yet a hierarchy stood 
out in the organization of the immune infiltrate. This hierarchy was 
preserved across melanoma subtypes and parallels the pattern de-
scribed for triple-negative breast cancer (14), potentially reflecting a 
fundamental property of the tumor immune microenvironment. 
The macrophage/monocyte lineage predominated across samples 
and showed the highest contact enrichments with melanoma cells. 
Cytotoxic T cells were the second most abundant, followed by T helper 
cells, Tregs, and B cells. This observation may potentially reflect a 
temporal sequence in which tumors become infiltrated or indicate a 
higher level of spatial organization, such as the progressive assembly 
of tertiary lymphoid structures, themselves associated with a favor-
able prognosis in ICI-treated patients (30, 31). However, the analysis 
of 1-mm2 cores did limit our ability to identify tertiary lymphoid 
structures.

To verify whether the TMA used for our CyTOF IMC analysis 
was generally representative of whole tissue slides, we performed a 
multiplex immunofluorescence microscopy experiment and com-
pared cell proportions for multiple immune lineages. We found a 
significant positive correlation between full slides and TMA cores for 
CD4+/T helper cells, CD8+/cytotoxic T cells, and FoxP3/Tregs but 
did not see a significant correlation for CD20+ cells. We believe that 
this is due, in part, to the higher variability of B cells within melanomas, 
which are generally present in low numbers but can be affected by the 
site of metastasis involving lymph nodes. Lymph node metastases, 
for instance, are particularly heterogeneous in their B cell population 
density. Furthermore, future studies will be needed to elucidate the 
spatial temporal changes that take place within the tumor immune 
microenvironment. Multiplexed single-cell imaging approaches that 
include CyTOF IMC (14, 32–35) are uniquely positioned to address 
this question by examining longitudinal biopsies throughout the 
trajectory of the disease and during treatment.

Our spatial analysis identified correlates of ICI response through 
proximity profiling and contact enrichment. Namely, a closer dis-
tance between melanoma cells and their nearest antigen-experienced 
cytotoxic T cells was associated with a favorable response. Once 
primed by an APC, cell killing by antigen-experienced T cells is 
largely dependent on perforin damage to the cell membrane and 
granzyme B damage to the nuclear envelope (36). Human and mouse 
model studies show that melanoma cells have the potential to recover 
from initial sublethal events and may require two or three interactions 
with an activated cytotoxic T cell within a short interval to become 
apoptotic (37). Prolonged presence and high abundance of antigen-
experienced T cells within the melanoma microenvironment would 
allow for swarming and multiple contacts, leading to more effective 
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killing (37). This finding adds to a growing body of evidence sup-
porting the importance of spatial relationships within the tumor 
microenvironment (38). For example, the expression of immune 
checkpoints by tumor cells and infiltrating lymphocytes as well as 
the proximity between ligand-receptor pairs (such as PD1–PD-L1 
distance) correlate with clinical outcomes (6, 39). Ongoing physical 
contact between these receptors and their cognate antigens is likely 
involved in sustaining an immunosuppressive effect, and agents 
targeting PD1 work best when this interaction is observed in the 
pretreatment tumor microenvironment. Thus, assays that provide 
spatial information allowing quantification of cellular contacts will 
be crucial in the development of ICI biomarkers.

Pretreatment stratification of patients with advanced melanoma 
according to their likelihood of response to ICIs remains an elusive 
goal in precision oncology. Antigen-experienced cytotoxic T cells are 
a common target of both anti-CTLA4 and anti-PD1 agents (12, 40). 
Here, we found that patients with a higher proportion of proliferat-
ing, antigen-experienced cytotoxic T cells in pretreatment biopsies 
were more likely to respond to ICIs and had an improved overall 
survival. This subset of cytotoxic T cells has been characterized else-
where as a dysfunctional compartment, expressing higher levels of 
PD1, TIM3, and LAG3 (41). As illustrated in murine models, intra-
tumoral T cell phenotypes exist along a continuum of dysfunction 
(42–44). In the earlier stages of dysfunction, T cells are still amenable 
to rescue with checkpoint blockade, whereas in the later stages they 
become exhausted and resist reinvigoration with anti-PD1 therapies 
(45–48). The distinction between these two states and their impact on 
ICI response remains an area of active study in human melanomas.

The multiplex spatial proteomic profiling of the melanoma im-
mune microenvironment described here allowed for a deep character-
ization at the single-cell level, not achievable by immunohistochemistry 
and conventional immunofluorescence assays. A recent melanoma 
study confirms a number of known correlates of ICI response using 
CyTOF IMC but uses binary masks to define cell type compartments 
within IMC images, highlighting some of the technical challenges that 
remain for cell segmentation and single-cell analysis (49). We recog-
nize a number of remaining hurdles for the CyTOF IMC technology, 
which include intersample staining heterogeneity, relatively lengthy 
acquisition times, and complex analysis of image stacks. However, as 
workflows are optimized and technical advances allow for more detec-
tion channels, we envision its use to be expanded for three-dimensional 
profiling of tumor space and subcellular localization of protein signals 
to extract additional single-cell level information from patient-derived 
samples, as recently described (50).

In summary, we performed in-depth single-cell profiling of the 
melanoma immune microenvironment, preserving spatial infor-
mation and tissue architecture. With this approach, we highlighted 
determinants of immunotherapy response and revealed fundamen-
tal features of the melanoma microenvironment. As the complex 
interactions within the tumor microenvironment are elucidated, it 
is increasingly clear that such profiling technologies could inform 
clinical decision-making and personalize therapeutic approaches.

MATERIALS AND METHODS
Study design
This study had two primary aims: (i) to characterize the melanoma 
immune microenvironment and (ii) to identify pretreatment 
correlates of response to ICIs. Aim (i) used both ICI-treated and 

non–ICI-treated cohorts comprising 72 melanoma and nevi sam-
ples. Aim (ii) was addressed using 30 pretreatment samples origi-
nating from patients who subsequently received ICIs. Single CyTOF 
IMC images were obtained from each patient sample, and all in-
cluded patients had information regarding treatment response and 
overall survival.

Sample procurement
The non–ICI-treated cohort consisted of 42 cores from a TMA of 
melanocytic neoplasms purchased from a commercial source, the 
Biomax online tissue bank, which included benign nevi, primary 
melanomas, and lymph node metastases (www.biomax.us/tissue-
arrays/Melanoma/ME1004g). The second cohort of 30 pretreat-
ment samples from ICI-treated patients with advanced melanoma 
was identified with the help of the McGill University Health Centre 
(MUHC) medical oncology department. The study was approved 
by our local Institutional Review Board in accordance with the pre-
cepts established by the Helsinki Declaration. Tissue samples 
were obtained from pretreatment archival pathology specimens as 
formalin-fixed paraffin-embedded (FFPE) tissue blocks. A representa-
tive hematoxylin and eosin slide was prepared for each sample and 
reviewed by a dedicated dermatopathologist at our institution. We 
identified representative areas of viable tumor for each specimen 
and mapped these areas of interest to the FFPE tissue blocks. We 
then constructed a TMA with 1-mm-sized cylindrical cores to allow 
simultaneous staining and acquisition of the whole patient cohort.

Antibody validation
Antibodies obtained directly from Fluidigm were validated by im-
munofluorescence on tonsil and melanoma tissues to confirm ade-
quate staining intensity, optimal signal-to- noise ratio, and expected 
staining patterns with a clinical pathologist. For antibodies used in 
this study that were not available as conjugates to rare metal iso-
topes, we obtained a carrier-free aliquot of purified monoclonal anti
body and performed immunofluorescence microscopy on a TMA 
containing a collection of melanoma, tonsil, lymph node, and breast 
and lung cancer tissues.

The potential for cross-talk was taken into account at the time of 
panel design and antibody titration. There is generally little cross-
talk between channels on the IMC platform, usually not exceeding 
5% (51), and predominantly affecting adjacent channels. We have 
therefore avoided placing lineage markers in the channels most af-
fected by cross-talk and visually evaluated the signal spillover. Anti-
body titration was performed using twofold dilutions three times. 
Appropriate positive and negative tissue controls were selected and 
included spleen and melanoma samples. The working titer was se-
lected for each antibody to maximize the signal-to-noise ratio across 
tissues while minimizing cross-talk across channels.

The Ventana DISCOVERY ULTRA autostainer was used for the 
deparaffination and antigen retrieval steps. Nonspecific binding sites 
were blocked with protein blocking solution (Dako, #X090930-2), 
and serial dilutions of the primary antibody were prepared in a total 
volume of 100-l antibody diluent (Dako, #S080983-2). The TMA 
was completely covered with the antibody solution and was incubated 
overnight at 4°C in a humidity chamber. The following day, the tis-
sue was washed 3 × 5 min in phosphate-buffered saline–Tween 20 
(PBS-T) and stained with the secondary antibody (dilution 1:500) 
Alexa Fluor 488 donkey anti-rabbit (Invitrogen, #A32723) or Alexa 
Fluor 594 donkey anti-mouse (Invitrogen, #A32740) for 1 hour at 
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room temperature with gentle rocking. The slide was then washed 3 × 
5 min in PBS-T and counterstained with 4′,6-diamidino-2-phenylindole 
(DAPI) (300 nM; Invitrogen, #D1306) for 10 min at room tempera-
ture. The slide was washed 3 × 5 min in PBS and then mounted using 
the Shandon Immu-Mount preparation (Thermo Fisher Scientific, 
#9990402).

After drying overnight, the slides were imaged using Zeiss Axio 
Scan Z1 and the immunofluorescence images were reviewed by a 
clinical pathologist. Antibody clones that did not perform well at 
this step were discarded (high background noise, nonspecific stain-
ing, and weak signal). The antibody clones with optimal signal-to-
noise ratio were selected for each marker of interest and conjugated 
to a rare metal isotope using the Fluidigm Maxpar Antibody Label-
ing Kit according to the manufacturer’s instructions. Once conju-
gated, the antibody was retested on the IMC platform to confirm 
continued performance, adequate signal-to-noise ratio, and expect-
ed staining pattern in immune and tumor tissues. Slightly different 
antibody panels were used on the two TMAs (tables S2 and S3).

Tissue processing
A 4-m-thick section of the TMA was placed on a microscopy slide, 
which was processed in a workflow analogous to immunohisto-
chemistry slide preparation. Briefly, the Ventana DISCOVERY 
ULTRA autostainer was used for the deparaffination and antigen 
retrieval steps. Nonspecific binding sites were blocked with the Dako 
protein block (catalog no. X090930-2), and the antibody cocktail 
was prepared in a total volume of 100-l Dako antibody diluent 
(catalog no. S080983-2). The tissue was completely covered with the 
antibody cocktail and incubated overnight at 4°C in a humidity 
chamber. After three 5-min washing steps with PBS-T, the slide was 
stained with a nuclear intercalator solution containing iridium 193 
and 191 isotopes for 20 min. The slide was then washed in ultrapure 
water and left to dry.

IMC data acquisition
IMC images were acquired with the Hyperion Imaging System 
(Fluidigm) coupled to a Helios mass cytometer (Fluidigm). All 
acquisitions were performed according to the manufacturer’s in-
structions. Briefly, after daily calibration, the TMA tissue slide was 
subjected to laser ablation at a resolution of ~1 m and a frequency 
of 200 Hz. About 1 × 1 mm region of interest from each TMA core 
was selected, and the TMA data were acquired in three batches. All 
IMC data were stored as MCD files and txt files. Individual MCD 
files were reviewed manually, confirming the presence of staining in 
each channel across all acquired samples. Poor-quality TMA cores 
containing few cells or with large necrotic areas were excluded from 
analysis. Samples with no melanoma cells (defined by the presence 
of SOX10 and/or S100 staining) were also excluded. Antibodies in 
our panels recognizing CCR7, CD47, CD56, and HLA-DR had clear 
nonspecific staining using conditions described above upon acqui-
sition of IMC data using conditions described above and were omitted 
from downstream analysis.

Cell segmentation
Cells were segmented in a method adapted from (21), in which a 
pixel expansion around the segmented nuclei was used to identify 
cellular extension. Three channels were used to segment the nuclei: 
histone H3, Ir191, and Ir193. The quality of histone and iridium 
binding was validated visually before segmentation. Some samples 

did not have good binding of iridium, and for these, we used his-
tone solely to identify nuclei. Briefly, .mcd files were converted to 
stacked and individual channel .tiff files. Then, using CellProfiler 
(52), these stacked histone and iridium or histone-only images were 
processed to remove hot pixels, and areas from these images were 
randomly cropped and converted to .h5 files for compatibility with 
the ilastik software (23). In ilastik, image pixels were annotated as 
nuclear or nonnuclear, and the ilastik machine learning algorithm 
was trained on manual annotations to distinguish between nuclear 
and background regions. This step of supervised learning generated 
probability maps, which were exported for each sample and batch-
applied to the complete images. These probability maps were then 
returned to CellProfiler to perform the nuclear segmentation. Nuclei 
were identified as primary objects with a diameter between 4 and 
50 pixels (i.e., objects smaller than 4 m in diameter or larger than 
50 are discarded). Cell objects were defined from the nuclei by add-
ing a 5-pixel circumferential expansion. The matrix of marker in-
tensities was generated in CellProfiler by calculating the mean pixel 
intensity in each cell for each channel. When measuring the pixel 
intensity per cell, CellProfiler uses a hot pixel threshold to filter out 
antibody aggregates. Cellular segmentation allows for background 
staining not associated with a nucleus to be ignored in down-
stream analyses.

Cell type identification
Initial clustering
The lineage markers CD45, CD3, CD8, CD4, CD20, SOX10, S100, 
CD68, CD14, and CD31 were used for the initial classification step. 
Mean intensities were normalized per cell by logarithmizing (base10) 
and scaling for each channel, using the R’s scale() function without 
centering. This step was performed independently for each cohort 
and helps address staining heterogeneity as well as varying levels of 
background signal. The matrix of scaled intensities was processed 
using the PhenoGraph clustering algorithm (22) using a value of 15 for 
the “nearest neighbors” parameter. Data obtained from separate 
TMA slides for the non–ICI-treated and ICI cohorts were clustered 
independently, and in both cases, PhenoGraph generated 47 clus-
ters. From these 47 clusters, 8 were biologically relevant seed clus-
ters for the ICI cohort and 10 for the non–ICI-treated cohort based 
on the distribution of channel intensities. Specifically, clusters were 
selected if they had maximal expression of their associated identity 
markers as well as low expression for all other identity markers: 
B (high CD20), CD4.T (high CD45, CD3, and CD4), CD8.T (high 
CD45, CD3, and CD8), CD31 (high CD31), macro.mono (high 
CD68 and/or CD14), melano (high SOX10 and/or S100), and other 
(low for all identity markers). The melano cluster is composed of 
two merged PhenoGraph clusters: one with high expression of 
SOX10 and low expression of all other identity markers and the other 
with moderate expression of both SOX10 and S100. Clusters corre-
sponding to the same set of rules were merged to obtain a single 
cluster per cell type.

Cell reassignment of ICI-treated dataset
To improve classification, we reassigned cells using the k-means 
algorithm and mean intensities of the clusters identified above as 
initial cluster centers. Cells nearly equidistant to two or more 
clusters (distance ratio greater than 0.97) were considered to have 
ambiguous expression profiles and were reclassified with the 
others group.

D
ow

nloaded from
 https://w

w
w

.science.org on M
ay 11, 2022



Moldoveanu et al., Sci. Immunol. 7, eabi5072 (2022)     1 April 2022

S C I E N C E  I M M U N O L O G Y  |  R E S E A R C H  A R T I C L E

12 of 15

Cell reassignment of ICI-untreated dataset
Because the k-means approach did not lead to a stable solution in 
the ICI-untreated dataset, cells were reassigned to the nearest clus-
ter considering the Euclidean distance to the cluster centers. Cells 
that were at more than three distance units from all of the initial 
clusters were reclassified with the other group.

Immune cell subclassification
Cells in the CD4.T cluster were further subdivided into Tregs and 
T helper cells based on FoxP3 expression. CD4.T cells positive for 
FoxP3 were labeled Tregs, and those negative for FoxP3 were labeled 
Th. Next, cytotoxic T cells (CD8.T) and T helper cells were further 
subdivided into naive and antigen-experienced subsets. The former, 
lacking CD45RO expression, were labeled Tc.naive and Th.naive, 
whereas the latter, expressing CD45RO, were labeled Tc.ae and Th.ae, 
respectively. The CD45RO and FoxP3 subdivisions were performed 
using ilastik probabilities (see methods on ilastik object classifica-
tion below).

ilastik object classification
For a number of markers (FoxP3, CD45RO, Ki67, and all check-
points), we determined positivity at the cell level using the object 
classification module from ilastik (23). In this workflow, an object is 
defined as a set of pixels belonging to the same cell and a random 
forest is trained for classification. On the basis of the segmentation 
defined above and raw channel intensities, we manually annotated 
cells with clear intracellular signal as positive and cells without sig-
nal as negative. When ilastik predicted signal positivity as expected 
based on the raw signal, the prediction probabilities were exported 
for each image. Usually about 10 annotated cells per image were 
enough to generate accurate ilastik predictions. The exported re-
sults consist of one probability value per marker per cell. In down-
stream analyses, a cell was considered positive when its probability 
was greater than or equal to 0.5 and negative otherwise. This method 
helps filter out background signal by using manual annotation to 
determine true positive signal associated with segmented cells.

Cell presence-absence analysis
The presence or absence of a given cell type within each sample was 
determined using multiple thresholds: 30, 50, or 70 cells. If a sample 
contained the threshold number of cells of a given cell type or more, 
then the cell type is considered “present” in that sample, otherwise that 
cell type is considered “absent.” The significance of co-occurrence 
of immune cell types was evaluated using Fisher’s exact tests.

Comparison between responders and nonresponders
Patients were stratified into two groups according to the irRC (20). 
Patients were included in the responder group if they had a CR, a 
PR, or an SD. Patients with PD were considered nonresponders. We 
compared the proportion of each cell type between responders and 
nonresponders using a Wilcoxon rank sum test.

Survival analysis
For each cell type tested, patients of the ICI-treated cohort were strat-
ified into two groups (high and low) using the median proportion for 
that cell type across samples as the partition point. Kaplan-Meier 
curves were plotted in R comparing these two groups. Time zero 
was defined as the time of treatment initiation, and P values were 
calculated using a log-rank test.

Spatial analysis
Because the distance between the nucleus of neighboring cells varies 
depending on their size and the degree of cellular agglomeration, 
we used Delaunay triangulation to identify pairs of cells that are 
most likely in physical contact (see Fig. 5A). We modeled the result-
ing cell network according to graph theory (53), with vertices repre-
senting cells and edges representing direct contacts between cells. 
Because the contact frequencies between different cell types are cor-
related with these cell type proportions, we used two parallel meth-
ods to obtain contact enrichment scores: a previously described cell 
shuffling algorithm (14, 54) as well as the assortativity index (29). 
Briefly, the shuffling method consists of performing 1000 permuta-
tions of the cell labels within the tumor microenvironment and re-
cording contact frequencies. The overall procedure is used to generate 
a null distribution under the assumption of spatial independence 
between cell types. This null distribution is then compared with the 
number of contacts observed in our samples to compute a z score 
representing the degree of significance. Connected regions (compo-
nents) within spatial graphs were identified using the “components” 
function of the “igraph” R package. The assortativity coefficient was 
calculated for each cell type in relation to all other types (considered 
as a single type) using the nominal assortativity formula (29). A val-
ue of 1 would indicate perfect assortative mixing, where contacts 
occur only between cells from the same type. A value of zero would 
indicate random mixing between cell types. A negative value would 
indicate disassortative mixing, a preference for contacts between 
cells from different types. All statistical analyses were performed 
with R version 4.1.0. Figure 5G was generated using Biorender.com.

Multiplex immunofluorescence imaging
The Akoya Biosciences Opal 7-color Manual IHC Kit (catalog num-
ber NEL811001KT) was used for the multiplex immunofluores-
cence imaging assay. Vendor specifications were followed during 
the staining protocol. Briefly, we performed dewaxing and rehydra-
tion, followed by antigen retrieval with the provided buffers (AR6 
and AR9) using a pressure cooker for 5 min, followed by cooling at 
room temperature for 15 min. The provided antibody diluent was 
used for protein blocking.

The first validation experiment was performed on whole slide 
images from the same samples as the immunotherapy CyTOF co-
hort. In this assay, the antibody concentrations and fluorophore 
used were CD4 clone EP204 (1:100; Opal 520, AR9), CD8 clones 
C8/144B (1:300; Opal 570, AR9), CD68 clone KP1 (1:1000; Opal 
650, AR9), CD20 clone L26 (1:100; Opal540, AR6), FoxP3 clone 
D608R (1:300; Opal 620), Sox10 clone 20B7 (Thermo Fisher Scien-
tific) (1:100; Opal590, AR6), and PD-L1 clone E1L3N (CST) (1:100; 
Opal690, AR6). DAPI was used for nuclear staining, and Shandon 
Immu-Mount was used for mounting (Thermo Fisher Scientific, 
catalog number 28-600-42). Image acquisition was performed with 
a Zeiss 510 confocal microscope with online digital fingerprinting 
for our target channels. Downstream analysis for cell segmentation 
and phenotyping was performed using the Halo software (version 
3.2.1851.354), with the module HighPlex FL 4.0.4.

The second validation experiment was performed on whole slide 
images from an independent, immunotherapy-treated cohort of 
25 patients (8 with anti-PD1, 13 with anti-CTLA4, and 4 with both 
anti-PD1 and anti-CTLA4). In this assay, the antibody concentra-
tions and fluorophores used were Ki67 clone B56 (1:50; Opal620, 
AR6), CD45RO clone UCHL-1 (1:200; Opal 690, AR6), Sox10 clone 
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SP267 (prediluted) (1:2; Opal520, AR6), and CD8a clone C8/144B 
(1:200; Opal570, AR9). DAPI was used for nuclear staining, and 
Shandon Immu-Mount was used for mounting (Thermo Fisher 
Scientific, catalog number 28-600-42).

Whole slides were scanned using the Zeiss Axio Scan Z1 system 
in immunofluorescence mode. Depending on the tumor area avail-
able on each slide, two to four regions measuring 4 mm2 were ex-
tracted from each slide for further downstream analysis due to the 
computational requirements for the linear unmixing step. Linear 
unmixing was performed using the built-in module of the Zeiss Zen 
version 2.3 (Blue edition) software. For both immunofluorescence 
validation experiments, downstream analysis for cell segmentation 
and phenotyping was performed using the Halo software (version 
3.2.1851.354), with the module HighPlex FL 4.0.4.

Statistics
We used nonparametric tests in this study. Two-sided Wilcoxon rank 
sum tests were used to perform two-sample tests in Figs. 4 (A and B) 
and 5F and figs. S6A, S7 (C and D), S10 (A to C), and S11B.  
Kruskal-Wallis rank sum tests were used to compare multiple dis-
tributions in fig. S5 (A, B, and D). Fisher’s exact tests were used in 
Fig. 3C to detect associations. Spearman’s rank correlation was used 
in figs. S8 (A and B), S9C, and S11D. Mantel-Haenszel log-rank tests 
were used to compare survival between two groups in Fig. 4C and 
figs. S7 (B and E) and S8C. All tests were done with R version 4.1.0, 
using an alpha level of 0.05 without adjustment for multiple testing.

SUPPLEMENTARY MATERIALS
www.science.org/doi/10.1126/sciimmunol.abi5072
Figs. S1 to 11
Tables S1 to S5

View/request a protocol for this paper from Bio-protocol.
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Spacing of immune cells matters
A better understanding of the tumor immune microenvironment can determine biomarkers of immunotherapy
effectiveness. Moldoveanu et al. used cytometry time-of-flight (CyTOF) imaging mass cytometry (IMC) to characterize
the immune microenvironment of melanoma patient samples. CyTOF IMC identified the spatial arrangement and
proximity of immune cells to each other. The researchers observed that a closer proximity of antigen-experienced
cytotoxic T cells to melanoma cells intratumorally correlated to a patient’s responsiveness to immune checkpoint
blockade. Thus, spatial characterization of the tumor immune microenvironment using CyTOF IMC allows for the
identification of prognostic biomarkers for immunotherapy.
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