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Abstract

Patients with resected stage I1-111 melanoma have approximately a 35% chance of death from their
disease. A deeper understanding of the tumor immune microenvironment (TIME) is required to
stratify patients and identify factors leading to therapy resistance. We previously identified that the
melanoma immune profile (MIP), an interferon-based gene signature, and the ratio of CD8+
cytotoxic T lymphocytes (CTLs) to CD68+ macrophages both predict disease-specific survival
(DSS). Here, we compared primary to metastatic tumors and found that the nuclei of tumor cells
were significantly larger in metastases. The CTL/macrophage ratio was significantly different
between primary tumors without distant metastatic recurrence (DMR) and metastases. Patients
without DMR had higher degrees of clustering between tumor cells and CTLs, and between tumor
cells and HLA-DR+ macrophages, but not HLA-DR- macrophages. The HLA-DR- subset co-
expressed CD163+CSF1R+ at higher levels than CD68+HLA-DR+ macrophages, consistent with
an M2 phenotype. Finally, combined transcriptomic and multiplex data revealed that densities of
CD8 and M1 macrophages correlated with their respective cell phenotype signatures. Combination
of the MIP signature with the CTL/macrophage ratio stratified patients into three risk groups that
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were predictive of DSS, highlighting the potential use of combination biomarkers for adjuvant

therapy.

Introduction

Melanoma is the most aggressive and lethal form of skin cancer.(1) Even when completely
surgically resected, tumors less than 5 millimeters in thickness are commonly lethal due to
tumor seeding into the lymphatics and systemic circulation.(2,3) Once metastatic disease
develops, survival rates range from 20% to 40% at 5 years with state-of-the-art
immunotherapy.(4,5) While these rates are disappointing, they represent a vast improvement
over survival rates at 5 years prior to immunotherapy which were under 5%.(6) Today,
immunotherapy is given as the standard of care to virtually all patients diagnosed with
metastatic melanoma.(7-9)

Early stage melanoma presents a more difficult clinical management challenge because the
side effects of treatment are less justifiable in the absence of high risk of death. Under 5% of
patients with stage | melanoma will die of disease, while 10-year survival rates range from
88% to 75% for stage Il disease and from 88% to 24% for stage Il disease.(2) Prediction of
recurrence would thus greatly facilitate management of early stage disease.

Melanoma is an immunogenic tumor, and interactions between tumor cells and the tumor
immune microenvironment (TIME) lead to tumor-driven modulation of immune response.
(10) It has been hypothesized that the immune system is a key determinant of melanoma
recurrence and metastasis. Tumor-infiltrating lymphocytes (TILs) have been studied
extensively and shown to have positive prognostic value in melanoma.(11-13) However,
TILs are not currently included in the American Joint Committee on Cancer (AJCC) staging
system for melanoma, and their utility is limited by a lack of phenotypic, functional, and
precise locational information.(10,14) Further, tumor-associated macrophages (TAMS)
within the TIME have been shown to correlate with poor prognosis and survival in
melanoma and many other cancers.(15,16) Thus, understanding the melanoma TIME is
crucial for both the development of new therapeutic interventions, as well as for
stratification of patients for adjuvant therapy.

In previous work, we defined and validated in two independent cohorts a 53-immune gene
melanoma immune profile (MIP) predictive of non-progression using nanoString
transcriptomic analysis.(17,18) MIP allows for stratification of patients with stage 11-111
melanoma into recurrence risk groups. Adding to this work, we utilized quantitative
multiplex immunofluorescence (gmlIF) to analyze the tumor microenvironment in patients
with stage 11-111 melanoma and found that a high density of cytotoxic lymphocytes (CTLS)
and a low density of macrophages in the stroma correlates with improved survival.
Furthermore, we found that the distance between CTLs and macrophages is associated with
poor survival,(19) highlighting the importance of both the composition and spatial
localization of cells within the melanoma TIME.

We now expand our analysis of the TIME of primary stage II-111 melanoma by combining
nanoString and gmIF data. Using advanced statistical techniques, we analyze the clustering,
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cellular composition, and marker proteins of both primary and metastatic melanomas. In
particular, to quantify the degree of spatial proximity among immune and tumor cells, we
assess clustering using the pair correlation function (PCF). This technique was originally
used in statistical physics to model particle interactions(20) and we recently adapted it to
study differences in spatial structures in immunofluorescence imaging of glioblastomas.(21)
The PCF computes the average number of pairs of two given cell types separated by a given
distance (normalized by the number expected if all cells were randomly positioned), giving a
robust, quantitative metric of spatial interactions. This more detailed characterization may
serve to guide the development of targeted and immune therapies for melanoma.

Materials and Methods

Patients and samples

This study was approved by Columbia University Irving Medical Center’s (CUIMC)
Institutional Review Board. A database of patients with stage I1-111 melanoma at CUIMC
was retrospectively created and analyzed using gmIF on Mantra and RNA expression using
nanoString for MIP (Table 1, Mantra: n=104 and M/P. n=78).(18,19) In order to correlate
the results of gmIF with RNA expression, we analyzed the patients who overlap between the
Mantra and the M/P cohorts (Table 1, Combinatior. n=53). Further, a sub-cohort of 13
patients from the Mantra cohort, named the Macrophage Survey sub-cohort (Supplemental
Table ST1), was selected based on high density of CD68*HLA-DR" macrophages for
additional phenotypic characterization. Finally, a database of patients with metastatic
melanoma at CUIMC was created by screening the records of 86 patients with metastatic
melanoma, of whom 57 were excluded due to lack of availability of solid tumor samples
prior to immunotherapy treatment or insufficient clinical information. Tissue was requested
for the 29 patients remaining, then slides were cut and reviewed with a dermatopathologist.
A total of 9 patients were excluded at this stage due to lack of sufficient tumor or scattered
tumor in the lymph node. The remaining 20 patients were stained for inForm analysis. 6 of
these patients were excluded due to poor staining quality or tissue destruction, leaving a final
total of 14 patients analyzable on inForm (Supplemental Table ST2).

gmlF acquisition
QmIF imaging was obtained from 104 stage II-111 primary melanomas from CUIMC in the
Mantra cohort (Table 1).(19) 5-um full section slides were stained using Opal gmIF for
DAPI, CD3 (T lymphocytes; clone LN10; Leica; 1:200 dilution), CD8 (cytotoxic T
lymphocytes, or CTLs; clone 4B11; Leica; ready to use: RTU), CD68 (macrophages; clone
KP1; Biogenex; RTU), SOX10 (tumor; clone BC34; Biocare; 1:300), HLA-DR (antigen
presentation and activation; clone LN-3; Abcam; 1:200 dilution), and Ki67 (proliferation;
clone MIB1; Abcam; RTU). H&E slides were reviewed by a dermatopathologist to
determine representative areas for multispectral image capture at 20x magnification using
Mantra. Regions of interest (ROIs) were approximately 700x520 microns. Multispectral
images were then analyzed using inForm software and inForm data from each patient was
processed in separate software designed in RStudio (version 0.99.896; https://github.com/
thmshrt/transform_essential). In this software, images were combined and analyzed to
concatenate variables and determine density and distance of distinct phenotypes. Statistical
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analyses were then completed on GraphPad Prism, R Version 3.3.1, and Python 3.5. For
visualization, intensity values of each of the 5 macrophage markers were first normalized to
have a standard deviation of 1. These continuous values were processed with tSNE
(perplexity = 30), a dimensionality reduction technique that places cells with similar marker
profiles close to each other.(22) Binarized (+/-) expression (derived with thresholds using
inForm) for each marker was then plotted onto the tSNE figures. Co-expression of markers
with HLA-DR was assessed with the Chi squared test. In addition, the macrophage survey
sub-cohort (n=13) was stained for DAPI, CD68, HLA-DR, CSF1R (inflammation; clone
SP211; LifeSpan Biosciences; 1:750 dilution), CD163 (M2 macrophages; clone 10D6;
BioCare Medical; 1:300 dilution), CD33 (myeloid-derived suppressor cells, or MDSCs;
clone PWS44; Leica; RTU) and MHCI (antigen presentation; clone MEM-E/Q7;
ThermoFisher; 1:400 dilution) and analyzed in the same way as above.

Spatial clustering analysis

To assess clustering in gmIF images, PCFs were computed using the spatstat R package.(23)
This method compares the observed probability of two cell types being separated by a given
distance to that expected by chance. A higher value for PCF indicates a greater degree of
clustering at that radius, and the area under the curve (AUC) of the function can be used as
an overall statistic of clustering. Inhomogeneous cross PCFs were calculated up to a radius
of 50 microns, provided that there was a minimum of 10 immune cells in the image. One
sample was excluded for lack of tumor cells. The isotropic edge correction and a
normalization power of 2 were applied. The AUC for each PCF was computed as a summary
statistic for quantifying the degree of clustering, and was compared across recurrence status
with the Mann-Whitney U test. The PCFs are graphically displayed by the point-wise
median across samples, with shaded 95% confidence intervals obtained via bootstrapping.

nanoString acquisition

For each of the 78 patients in the M/P cohort (Table 1, MIP), formalin-fixed paraffin-
embedded (FFPE) blocks were cut in 10-um sections to provide 250 mm? of tissue. RNA
extraction was performed and RNA was processed using a nanoString assay, which
measures expression of 64 target genes (MIP (53 genes) plus 11 interferon-related and 17
housekeeping genes).(24) Following hybridization and purification of target-probe
complexes, digital counts for each gene-specific target RNA were acquired on the nCounter
detection analyzer and normalized in nSolver software (nanoString). MIP was computed for
each patient in this cohort using the original signature’s gene coefficients, then was
correlated with disease-specific survival (DSS).(17,18)

Transcriptomic Analysis

We assessed the similarity of each sample’s gene expression profile to the cellular subtype
signatures from LM22, the reference standard for CIBERSORT.(25) A total of 20 genes
overlapped between the nanoString panel and LM22, which was a not sufficient number of
genes to deconvolute with the CIBERSORT algorithm.(25) Instead, we calculated the cosine
similarity of the samples with each of the 22 cell types from LM22, thereby assessing the
extent (from —1 to 1) that the matching genes from each sample resemble each cell type. For
the creation of the heat map, raw gene expression values were log-transformed and scaled to
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have a mean of 0 and a standard deviation of 1. Hierarchical complete-linkage clustering
was performed on both rows and columns with a cosine metric. We assessed enrichment of
recurrence among this clustering by dividing the patients at the first branch point into the
two largest clusters, followed by a Fisher Exact test. Differential expression was evaluated
for all 63 genes with t-test with Benjamini-Hochberg correction, and visualized in a volcano
plot. Top genes were noted if they had greater than +1.0 log2-fold change.

Prognostic prediction of CD8/CD68 alone and in combination with MIP

To assess the ability of the CD8/CD68 ratio to predict recurrence, we performed a Mann-
Whitney U test and visualized the prediction using a receiver operating characteristic (ROC)
curve. We tested the correlation of the top immune genes (>1 log2-fold change) with the
CDB8/CD68 ratio using Spearman correlation. We combined the CD8/CD68 ratio with MIP
using the log-rank (Mantel-Cox) test to compare low- to medium-risk, low- to high-risk, and
medium- to high-risk patients. Hazard Ratios (HR) and 95% Confidence Intervals (ClI)
calculated using the Mantel-Haenszel test.

Digital Spatial Profiling (DSP)

8 patients from the 104-patient Mantra cohort were selected based on CD68*HLA-DR"
phenotype and CD8 expression (Supplemental Table ST3). Of this sub-cohort, 4 patients had
a high density of stromal HLA-DR- macrophages and close proximity of HLA-DR-
macrophages to CTLs, and 4 patients had a high CTL/macrophage ratio with low HLA-DR"
macrophage density, as determined by previous gmlF. For DSP, FFPE slides were stained
with antibodies conjugated to UV-photocleavable DNA barcodes and specific to 34 proteins.
Twelve 600-micron ROIs with high macrophage density were selected for each patient. ROIs
were selected in tumor/stroma areas containing less than 50% stroma. ROIs were analyzed
using UV excitation, which releases DNA barcodes for downstream quantitation on the
nanoString nCounter platform. Protein expression was compared between patients and
statistical analyses were performed using a Mann-Whitney U test.

Patient populations

The Mantra cohort consists of 104 patients, 64 of whom had available disease-specific
survival (DSS) data, defined as known cause and date of death and/or documented clinical
follow-up.(19) The M/P cohort consisted of 81 patients, all of whom had available DSS.(18)
The Combination cohort consisted of 53 patients, all of whom had available DSS. In the
Mantra cohort, 15.4% of patients had known recurrence, 34.6% had no recurrence, and 50%
had unknown recurrence status. In the M/P cohort, 29.6% of patients recurred, 61.7% did
not recur, and 8.6% had unknown recurrence status. Finally, in the Combination cohort of 53
patients, 30.2% of patients recurred, 60.4% of patients didn’t recur, and 9.4% of patients had
unknown recurrence status. The Combination cohort consisted of 75.5% males and 24.5%
females, and the median patient age was 68. 56.6% of patients had a tumor on their trunk or
head, and 72.9% of patients were stage Il. Median tumor depth in this cohort was 2.7 mm,
and ulceration was present in 60.4% of the cases. Median follow up was 62 months, and 25
of the patients died of any cause, with 14 having died from melanoma. The 13-patient
Macrophage Survey sub-cohort stained for macrophage phenotypes consisted of 46.2% of
patients with a high CD8/CD68 ratio, 38.5% of patients with a low HLA-DR- macrophage
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density, and 61.5% of patients with a large distance between CTLs and HLA-DR-
macrophages (Supplemental Table ST1). The metastatic melanoma cohort consisted of 14
patients, of whom 1 had stage 111C disease, 3 had stage IV M1a or M1b disease, 1 had stage
IV M1c disease, 8 have stage 1V M1d disease, and 1 had mucosal melanoma. The tissue
origins of the biopsies of metastases used for staining were divided into 50% soft tissue or
skin, 35.7% brain, 7.1% lung, and 7.1% lymph node (Supplemental Table ST2). Finally, the
cohort used for DSP analysis consisted of 50% of patients with a high CD8/CD68 ratio, 50%
of patients with a low HLA-DR- macrophage density, and 62.5% of patients with a large
distance between CTLs and HLA-DR- macrophages (Supplemental Table ST3).

QmIF analysis reveals distinct phenotypes of metastatic melanoma, primary melanoma
tumors that did recur, and primary melanoma tumors that never recurred.

First, we evaluated the Mantra cohort for distant metastatic recurrence using the 52 patients
with known recurrence status and found that, in addition to correlating with DSS and OS, as
previously published, the CD8/CD68 ratio is also predictive of recurrence (n=52,
AUC=0.684, p=0.0350 by Mann-Whitney U test, Supplemental Figure S1). Next, we applied
gmlF to compare density of immune phenotypes in samples of primary (P) melanoma (stage
I1-111, Mantra cohort) to those with metastatic (M) lesions. We determined the proportions of
tumor, macrophage, CD8* T cells, and CD8" T cell as a fraction of the total number of cells
as identified by DAPI in each sample, and concatenated these proportions with HLA-DR
and Ki67 expression (Figure 1A). We further quantified and compared the densities of CD8*
T cells, macrophages, total immune cells (sum of CD3+ T cells plus CD68+ macrophages),
and CD8/CD68 ratios in primary (P) and metastatic (M) patients (Figure 1B). As a whole,
there was a greater proportion of immune cells in P samples compared to M samples (p =
0.0017, Mann-Whitney U test, Figure 1B), with specifically more CTLs in primary samples
(p = 1.8e-6). Next, we separated the primary melanoma cohort into non-recurrent (NR,
n=36) and recurrent (R, n=16) patients, finding that NR samples had a higher CD8/CD68
ratio relative to R patients (p = 0.024). Interestingly, there was no significant difference
between the R and M samples (p = 0.52) (Figure 1B).

In further analysis we evaluated nuclear size by comparing nuclear areas and found that
tumor cells in M samples had larger nuclear areas compared to their P counterparts (p <
0.001, Mann-Whitney U test, Figure 1C). This held true both for Ki67- and Ki67*
subpopulations. However, there were no significant differences in the sizes of the nuclei of
CTLs between the cohorts (Figure 1C).

gmlIF density analysis of immune cell phenotypes correlates with gene expression data

As a second element of our composite analysis of the TIME, we aimed to evaluate an
interferon signature in our tumor samples from the 74 patients with known recurrence status
in the M/P cohort while including 11 additional interferon-related genes for comparison.
This was done for the purpose of correlating the gene expression data with gmIF data. We
profiled RNA expression across 64 immune-related genes (53 genes from MIP and 11
additional interferon-related genes) and found that expression was associated with
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recurrence status using hierarchical clustering (p = 0.049, Fisher Exact test, Figure 2A). To
identify the cellular source of this association, we assessed the degree of similarity between
the transcriptomic signatures in our samples and the CIBERSORT cell reference signatures.
(25) In evaluation of the signatures for macrophages of M1 and M2 polarity, we found that R
patients had a decreased M1 signature (p = 0.042, Figure 2B top left) but an increased M2
signature (p = 0.048, Figure 2B, top right) compared to NR patients. We then compared the
CIBERSORT signatures with findings from gmIF. We found that the CD8 T cell signature
correlated with the proportion of CTLs in gmlF (p = 0.010 Figure 2B, bottom left) while the
M1 signature correlated with density of HLA-DR™ macrophages (p = 0.022, bottom right).

Next, we evaluated differential expression of the 64 genes and found that nearly all genes
were increased in patients who did not die of melanoma (Figure 2C). After filtering for
genes that were both significant following Benjamini-Hochberg (BH) correction and also
had greater than +1.0 log2-fold change in differential expression, we identified 9 genes, all
of which are part of MIP (Table 2). We also found that the top 9 genes do not overlap with
the 11 additional interferon-related genes and further that these 11 genes did not improve
prediction accuracy. Lastly, we evaluated the correlation of these 9 genes with stromal
density of CD3, CD3*CD8*, and CD68", as well as the ratio of CD8/CD68 (Table 2). We
found that CD3" cells in the stroma correlated with CXCL9, CD8A, CXCR3, CXCL11,
CCL5 and CD2 while CD3*CD8* cells in the stroma correlated with the same genes minus
CD2. Stromal CD68 cells and the CD8/CD68 ratio had no correlation with the top 9 genes
from MIP.

Combining MIP and CD8/CD68 improves prediction of DSS

Given that genes from MIP did not directly correlate with the CD8/CD68 ratio, we chose to
combine these two biomarkers to substratify the patients. We evaluated the ability of the
combination of MIP and the CD8/CD68 ratio to predict DSS using the 53-patient
Combination cohort (Table 1). We stratified patients into high, medium, and low-risk groups
using their categorization as high or low risk in each of the data sets based on our previously
published criteria.(18,19) High-risk patients had poor MIP and CD8/CD68 profiles;
medium-risk patients had a poor MIP profile and a favorable CD8/CD68 profile; and low-
risk patients had favorable MIP and CD8/CD68 profiles. We found that combining MIP and
the CD8/CD68 ratio effectively distinguished low- and medium-risk patients from high-risk
patients (p=0.003; HR 7.53 (95% CI: 1.98-28.74) and p=0.026; HR: 3.51 (95% CI: 1.16—
10.61), respectively, Figure 3A and Supplemental Table ST4). Representative images of each
of these risk groups are also shown in Figure 3B-D. Additionally, by creating a medium risk
group we found that the combination biomarker improves on the previous biomarkers, MIP
and CD8/CD68 ratio, individually (p=0.030, HR:3.84 (95% ClI: 1.14-12.96) and p=0.044,
HR: 3.04 (95% CI: 1.03-8.99), respectively) (Supplemental Table ST4). Finally, we found
using univariable Cox analysis in medium- and high-risk patients (n=42) that the high-risk
combination biomarker specifies poor prognosis (p=0.035, HR: 3.29 (95% CI: 1.09-9.96)),
whereas standard predictors of prognosis were not found to be significant (Supplemental
Table ST5).
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Clustering of tumor cells with CD8+T cells and HLA-DR+ macrophages is associated with
non- recurrence

Next we extended the spatial analysis of gmIF by using PCF. We found that CD8* T cells
clustered more strongly with tumor cells in the non-recurrent samples compared to recurrent
samples (p = 0.0086, Mann-Whitney U test, Figure 4A left). This effect was similar when
comparing the clustering of tumor cells with HLA-DR* macrophages (p = 0.016, Figure 4A
right), but not with HLA-DR™ macrophages (data not shown). We provide a representative
depiction of the lowest and highest PCF values for each of the Tumor-CTL (Figure 4B left)
and Tumor-Macrophage (Figure 4B right) interactions.

We next sought to compare the AUCs of these PCFs against gene expression, finding
significant positive correlations between the tumor-CTL clustering with CXCL11 (p =
0.016, Spearman correlation, Bonferroni correction) and MFGES (p = 0.036), and between
the tumor-macrophage clustering with TAP2 (p = 0.035) (Supplemental Figure S2).

Further phenotyping of HLA-DR- macrophages identifies this population as a predictor of
an unfavorable TIME and immune suppression

Having previously found that high density of HLA-DR™ macrophages predicts poor DSS,
(19) we next investigated the properties of these macrophage subpopulations. We performed
additional staining for CD68, HLA-DR, CD163, CSF1R, MHC1, and CD33 over a total of
5519 CD68* macrophages identified across the 13 patients in the macrophage survey sub-
cohort (Figure 5A). We visualized the concatenation of each of these markers using pie
charts comparing HLA-DR™ and HLA-DR* macrophages (Figure 5B). We next visualized
this data using T-distributed stochastic neighbor embedding (tSNE) to compare the
expression of these markers on HLA-DR™ and HLA-DR* macrophages. HLA-DR expression
was largely independent of CD163 (p=0.797, Figure 5C). However, HLA-DR expression
was correlated with MHC1 expression (p = 1.4e-102, odds ratio 3.4, Chi-squared test),
whereas lack of HLA-DR expression was correlated with CD33 expression (p = 1.7e-53,
odds ratio 0.22, Figure 5C). To further study the cells expressing CSF1R and CD33, we
evaluated the concatenation of CSF1R and CD33 with CD163, finding that HLA-DR" cells
were more likely to also be CD163*CSF1R* compared to HLA-DR* cells (p<0.001, Figure
5C). Further, in comparison to HLA-DR* cells, HLA-DR" cells were also more frequently
CD163*CD33* (p<0.001, Figure 5C).

In addition to gmIF analysis, we further evaluated 8 primary melanoma cases using Digital
Spatial Profiling (DSP). We found that the Regions of Interest (ROIs) from patients with
higher stromal density of HLA-DR™ macrophages had a lower immune infiltration overall as
assessed by quantitation of CD45 per ROI (p<0.0001, Figure 5D). Additionally, CD3 per
ROI was higher in patients with lower stromal density of HLA-DR™ macrophages (p<0.0001,
Figure 5D). Interestingly, patients with higher density of HLA-DR™ macrophages also had a
significantly higher ratio of CD4 to CD45 (p<0.0001), but a similar CD8A to CDA45 ratio
(Supplemental Figure S3). PDL1 and PD1 levels per CD45 were significantly higher in
patients with higher HLA-DR™ macrophage density (p<0.0001 and p=0.0002, respectively,
Figure 5D).
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Discussion

Innovations in digital pathology methods allow for quantitation of cell phenotypes and
reproducible characterization of morphologic and genomic features, and provide new tools
for clinical pathology.(18,19,26,27) These analyses enhance personalized medicine and
allow for rapid development and implementation of new digital pathology-based biomarkers.
Here we show that nuclear area and cellular clustering correlate with clinical features and
propose a biomarker combining transcriptomic and gmlF data.

Current pathology methods such as TIL evaluation and tumor grading correlate with clinical
outcome in melanoma, but are generally qualitative and therefore difficult to standardize.
(2,13,14) In previous work, we quantitatively evaluated density and spatial relationships of
immune infiltrates in primary melanoma specimens using gmlF, finding that the ratio of
CD8 to CD68 can be used as a biomarker for DSS and OS in stage I1-111 primary melanoma.
(19) In the current work we find that the CD8 to CD68 ratio also predicts recurrence in
primary early stage melanoma. Further, we evaluate the same gmIF panel in metastatic cases
and find that the CD8 to CD68 ratio in metastatic lesions (M) is similar to that in primary
melanomas that distantly recur (R). Both M and R have a lower CD8 to CD68 ratio than
non-recurrent primary melanomas (NR). This suggests that the TIME in primary melanomas
with high metastatic potential is similar to that in metastatic lesions. These findings build on
prior work showing that the ratio of CD8 to CD68 has potential as a favorable prognostic
feature in primary melanoma tumors.(19) Phenotyping both lymphocytes and myeloid cells
within the TIME can improve upon quantitation of lymphocyte populations alone.(28)

More precise phenotyping of immune cells and correlation of these findings with clinical
features will likely lead to the development of more accurate biomarkers. Myeloid cells that
are CD68™ are predominately macrophages and have been shown to be an unfavorable
feature in several tumor types.(29) Macrophage populations, however, are notoriously
diverse and can exert both pro-tumorigenic and pro-immune functions.(30,31) Previously,
we distinguished HLA-DR™ macrophages from HLA-DR* macrophages as indicative of a
poor prognosis.(19) HLA-DR expression indicates an activated state and is broadly
associated with an M1, pro-immune, phenotype.(32,33) Here, we further characterize the
HLA-DR" population as containing suppressive populations expressing CD163 and CSF1R.
These findings suggest that CD68"HLA-DR" cells are suppressive, consistent with our
hypothesis that these cells exert a pro-tumorigenic effect. As a future research direction, we
hope to further explore the three-cell interaction between these macrophages, T cells, and
tumor cells.

QmIF allows not only for calculation of the density of different immune cell phenotypes but
also analysis of cell size and distances between cells.(34-36) First, we compare nuclear size
in NR, R, and M lesions. Interestingly, we find that nuclei in metastatic lesions are larger
than in primary lesions regardless of expression of the proliferation marker, Ki67. However,
the size of the nuclei in primary lesions is similar regardless of recurrence status. From a
clinical pathology perspective, findings suggest that in the absence of an epidermal
component, increased nuclear size may favor a melanoma metastasis. However, larger
studies are needed.
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Distance between cells can be used to define spatial relationships of immune cells with
tumor cells.(37) Previously, we found that simple nearest neighbor distance of CD8* T cells
to CD68*HLA-DR™ macrophages predicted poor prognosis.(19) Here we further evaluate T
cells and macrophages using clustering algorithms and find that even after accounting for
variations in cell density there are patterns of positioning among immune and tumor cells
that are related to prognosis. Specifically, clustering of tumor cells with CD8* T cells
correlates with non-recurrence. Additionally, although our prior study found that density of
HLA-DR* macrophages alone did not predict prognosis, we find that clustering of HLA-DR
* macrophages with tumor cells correlates with non-recurrence. The importance of spatial
proximity of immune cells to each other and to tumor cells implies a mechanism by which
their infiltration affects disease progression. These findings are consistent with the
hypothesis that immune surveillance is operative in primary melanoma tumors and that
proximity of tumor cells to immune cells of defined phenotypes impacts melanoma
progression. Spatial location of cells may be impacted by local hypoxia or other features and
future studies will be useful to further explore metabolic mechanisms underlying spatial
distributions of immune cells within melanoma and other cancers.(38,39)

In addition to our gmlIF analysis, we also previously defined and validated a transcriptomic
53 immune gene panel, MIP, predictive of recurrence in the same cohort of primary stage I1-
I11 melanoma patients.(17,18) Here, we evaluate transcriptomic profiling in addition to gmIF
immune phenotyping and find consistency between the defined cell density and immune
gene signatures. Interestingly, we find that density of CD8* T cells and HLA-DR*
macrophages correlates with defined CIBERSORT signatures(25) for CD8 T cells and M1
macrophages, respectively.

Further, combining the CD8 to CD68 ratio with MIP allows for development of a composite
biomarker that quantitatively assesses the entire specimen. This composite biomarker
identifies three separate risk groups, most importantly a high risk population that may
benefit from adjuvant studies of combination immunotherapies. Patient stratification is
urgently needed in early stage melanoma because current protocols support treatment of all
stage 111 patients despite the fact that 5 year survival is 83% in stage I11B patients and 93%
in stage I11A patients. Meanwhile, survival rates in stage Il populations are also generally
favorable, ranging from 82% to 94%. Nonetheless melanoma, when it recurs is devastating.
Therefore identifying high risk groups would facilitate application of combination
immunotherapy in the adjuvant setting by allowing stratification for clinical trials. In
addition, there is data to suggest that a favorable tumor immune microenvironment
predisposes to response to PD1 blockade.(40) Therefore patients at intermediate risk might
be more likely to respond to therapy both in the adjuvant setting and at recurrence while low
risk patients could avoid immunotherapy entirely. Thus, our composite biomarker findings,
while exploratory and based on small populations, suggests that further work to
quantitatively characterize and correlate phenotypic and genomic features of the TIME using
FFPE tissues is likely to improve personalized care of patients with early-stage melanoma.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Statement of Significance

Findings provide a deeper understanding of the tumor immune microenvironment;
combining multiple modalities to stratify patients into risk groups, a critical step to
improving the management of melanoma patients.
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Figure 1. Comparison of cellular proportions and morphologiesin primary and metastatic
melanoma.

(A) All identified cells within the primary Mantra (n = 104) and metastatic (n = 14) cohorts,
phenotyped via inForm. HLA-DR and Ki67 statuses are displayed, and proportions of
phenotyped immune cells as a proportion of total cells as identified by DAPI are visualized
in the smaller pies. The primary cohort is further distinguished into patients who were
known to have recurrence (R, n = 16) or non-recurrence (NR, n = 36). (B) Comparison of
cell proportions within the stromal compartments of tissue images, comparing all primary
samples (P), known non-recurrent primaries (NR), recurrent primaries (R), and metastatic
cases (M). “Total Immune” refers to the sum of all immune cells (CD3+ T cells and CD68+
macrophages), while CD8/CD68 ratio is the CD8+ T Cell (CTL) count divided by the
CD68+ macrophage count. (C) Comparison of the sizes of nuclei within tumor Ki67-, tumor
Ki67+, and CD8+ T cell populations between P, NR, R, and M patients. Statistical analyses
performed using Mann-Whitney U test. ***, p<0.001; **, p<0.01; *, p<0.05; n.s., p=0.05.
Labels: all primary samples (P), known non-recurrent primaries (NR), recurrent primaries
(R), and metastatic cases (M).
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Figure 2. Expression profiles of 64 immune-related genes.

(A) Hierarchical clustering of (log-transformed) gene expression values across the 74
patients with known recurrence status from the AM/P cohort, with relative levels of mMRNA
expression in each row and different patient samples in each column. Yellow indicates
higher expression and blue indicates lower expression of each gene. Recurrence status of
each patient is displayed in the top horizontal bar (recurrent patients are labeled in red; non-
recurrent patients are labeled in grey). (B, top) Similarity of the expression profiles with
CIBERSORT reference values was assessed to compare M1 (top left) and M2 (top right)
macrophage signatures in non-recurrent and recurrent patients (p = 0.042 and 0.048,
respectively). (B, bottom) Correlation plots for comparison of transcriptional similarity to
CIBERSORT profiles (x-axis) with observed cellular compositions (y-axis). (C) Volcano
plot of MRNA differential expression for all 64 genes. Genes to the right are higher in
patients who did not die of melanoma. Statistical comparison in (A) performed using Mann-
Whitney U test. Spearman correlation p-values in (B) evaluated using Fisher transformation.
Differential expression in (C) evaluated using Benjamini-Hochberg (BH) correction.
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Figure 3. Combination of MIP and CD8/CD68 ratio predicts DSS.
(A) KM curve for disease specific survival (DSS) after patients stratified into high-risk (low

MIP + low CD8/CD68 ratio), medium-risk (low MIP + high CD8/CD68 ratio), and low-risk
(high MIP + high CD8/CD68 ratio), groups. Log-rank (Mantel-Cox) test used to compare
low- and medium-risk patients (p=0.1228), low- to high-risk (p=0.0031) and medium- to
high-risk (p=0.0258). Multiplex images stained for DAPI (nuclei, blue), SOX10 (tumor,
red), CD3 (T cells, cyan), CD8 (CTLs, magenta), CD68 (Macrophages, green), Ki67
(proliferation marker, yellow), HLA-DR (activation marker, orange) in (B) patients in low-
risk combination group, (C) patients in medium-risk combination group, and (D) patients in
high-risk combination group.
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Figure 4. Pair correlation functions (PCF) reveal differencesin clustering between tumor and

immune cells,

(A) Non-recurrent patients have higher degrees of clustering between tumor cells and CTLs
as well as with HLA-DR+ macrophages. Shaded regions indicate 95% confidence intervals
of the median PCF obtained via bootstrapping. (B) Representative false-color images with
the 3 lowest and 3 highest PCF values for each of the Tumor-CTL and Tumor Macrophage
interactions. To the right of each image is a rendition of its cell segmentation, depicting

Tumor (Red), CTL (Blue), Macrophage (Green), and Other (Gray). Statistical analysis

performed using Mann-Whitney U test on PCF areas under the curve (AUC).
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Figure 5. Investigation of macrophage subpopulations.
(A) Multiplex image of melanoma stained using gmlIF for DAPI (blue), CD68 (green), HLA-

DR (orange), CSF1R (red), CD163 (cyan), MHCI (magenta), and CD33 (yellow). (B)
Macrophages were profiled for HLA-DR, CSF1R, CD33, MHC1, and CD163 expression in
gmlF images obtained from 17 patients in the macrophage survey sub-cohort of primary
melanomas. The pie charts assess the distribution of each marker within HLA-DR- and
HLA-DR+ macrophage subpopulations. (C) T-distributed stochastic neighbor embedding
(tSNE) was used to visually cluster macrophages based on the intensity values of all 5
profiled markers. Displayed are the subsets of this embedding that are HLA-DR- and HLA-
DR+, and co-expression of each marker with HLA-DR is compared on the right. (D) Digital
Spatial Profiling (DSP) analysis in 8 patients with primary melanoma from the DSP cohort.
Displayed are plots showing CD45 and CD3 per region of interest (ROI) (top) and PD1 and
PDL1 per CD45 comparing patients with high and low density of HLA-DR- macrophages.
Statistical analysis performed using Chi squared test (C) or Mann-Whitney U test (D). ***,
p<0.001; **, p< 0.01; *, p<0.05; n.s., p=0.05.
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Table 1.

Patient characteristics of the MANTRA, MIP, and Combination cohorts.

The 104 patient samples in the Mantra cohort were analyzed using quantitative multiplex immunofluorescence
(gmlF) on Mantra and the 81 patients samples in the Melanoma Immune Profile (MIP) cohort were analyzed
using nanoString. The patients who overlap between the MANTRA and the MIP cohorts make up the

Combination cohort (n=53).

MANTRA MIP Combination
Clinical characteristics (n =104) (n=81) (n=53)
Gender, 77(%)
Male 75 (72.1) 62 (76.5) 40 (75.5)
Female 29 (27.9) 19 (23.5) 13 (24.5)
Age
Median, 77 (range) 74.5(22-96) 67 (22-96) 68 (22-96)
Location of tumor, 77 (%)
Trunk 61 (58.7) 48 (59.3) 30 (56.6)
Extremity 41 (39.4) 32 (39.5) 22 (41.5)
Unknown 2(1.9) 1(1.2) 1(1.9)
Stage, 77 (%)
1l 91 (87.5) 63 (77.8) 42 (72.9)
1 13 (12.5) 15 (18.5) 11 (20.8)
Pathologic characteristics
Depth (mm)
Median, 7 (range) 25(0.6-26) 2.7(0.7-26) 2.7 (0.7-11.4)
Ulceration, 77 (%)
Absent 36 (34.6) 32 (39.5) 19 (35.8)
Present 65 (62.5) 45 (55.6) 32 (60.4)
Unknown 3(2.9) 4 (4.9) 2(3.8)
TILs, n (%)
Absent 2(1.9) 3(3.7) 1(1.9)
Non-brisk 59 (56.8) 50 (61.7) 33 (62.3)
Brisk 33 (3L.7) 22 (27.2) 15 (28.3)
Unknown 10 (9.6) 6(7.4) 4(7.5)
Outcome char acteristics
Patient follow-up (months)
Median, 77 (range) 45 (4-173) 58 (5-187) 62 (5-173)
Systemic recurrence, /7 (%)
Known recurrence 16 (15.4) 24 (29.6) 16 (30.2)
No recurrence 36 (34.6) 50 (61.7) 32 (60.4)
Unknown 52 (50) 7 (8.6) 5(9.4)
OS (months), 7 (%)
Alive (at least 2 years) 31 (29.8) 50 (61.7) 28 (52.8)
Dead 73 (70.2) 31(38.3) 25 (47.2)
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MANTRA MIP Combination

DSS (months), 77 (%)
Alive or NED atdeath 42 (40.4) 62 (76.5) 39 (73.6)
Dead with melanoma 22 (21.2) 19 (23.5) 14 (26.4)
Unknown 40 (38.4) 0 (0) 0 (0)

Abbreviations: DSS, disease-specific survival; NED, no evidence of disease; OS, overall survival; MIP, Melanoma Immune Profile
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Top genesfrom MIP.

Table 2.
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Top 9 immune genes that are significantly increased in patients with good DSS after Benjamini-Hochberg
correction and correlation of these genes with gmIF data for stromal density of CD3, CD3+CD8+, and CD68+
as well as ratio of CD8/CD68. Values in bold are different from 0 with a significance level alpha=0.05 using
Benjamini-Hochberg correction.

Differential expression

Correlation with Density

Gene Fold Change BH pvalue CD8/CD68Stroma CD3+CD8+ Stroma CD68+ Stroma CD3+ Stroma
PTPRC 1.07 0.0399 0.05 0.17 0.12 0.3
CcCLS 1.19 0.0399 0.21 0.36 0.03 041
chz 1.05 0.0399 0.07 0.24 0.14 0.36
chz7 1.21 0.04 0.04 0.2 0.16 0.31
CXCL9 1.56 0.0459 0.19 0.33 0.04 0.45
CDEA 1.26 0.0459 0.16 0.35 0.11 0.39
CXCR3 111 0.0459 0.19 0.36 0.06 0.4
CXCL11 1.39 0.0459 0.2 0.38 0.05 0.42
LCK 1.14 0.0459 -0.03 0.12 0.21 0.24
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