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Abstract
Background Factors that determine responsiveness to immune checkpoint inhibitors (ICIs) in metastatic
melanoma are not completely understood. Failure to respond to ICI therapy can result from primary
resistance or the development of secondary resistance to treatment. Understanding the mechanisms that
contribute to primary and secondary resistance may help direct which immune checkpoint blockade
agents a patient should receive or allow for the development of therapeutics which could be used in
combination with immune checkpoint blockade to boost responsiveness.

Methods Formalin-�xed, para�n embedded, metastatic melanoma tumors were collected from 17
patients prior to receiving anti-CTLA-4 monotherapy. After monotherapy, 5 patients had complete
response and 12 had disease progression. The samples were processed for proteomic analysis using
�lter aided sample preparation and Thermo Tandem Mass Tag (TMT)-labeling of resulting peptides. TMT-
labeled samples were fractionated off-line and combined into super fractions. The super fractions were
then analyzed by mass spectrometry using an in-line ultra-performance liquid chromatography (UPLC)
coupled to a Thermo Orbitrap Fusion Tribrid instrument.

Results Proteomic analysis of metastatic melanoma patient tumors prior to treatment with anti-CTLA-4
therapy identi�ed a total of 4,776 proteins across all patient samples. A random forest model was used to
identify the most important proteomic features that could predict responsiveness to treatment. The
random forest model had a sensitivity of 80% and speci�city of 67% for predicting patient response to
therapy. A large portion of the proteins elevated in tumors from patients that had complete response to
the treatment were associated with innate immunity, particularly pathways involving complement
cascade and neutrophil degranulation.

Conclusions Proteomic analysis of immunotherapy naïve metastatic melanoma tissue from patients
subsequently treated with anti-CTLA-4 therapy suggests that preexisting innate immune response may be
important in responsiveness to treatment. Speci�cally, elevation of complement cascade or neutrophil
degranulation proteins in the tumor microenvironment may increase responsiveness to anti-CTLA-4
monotherapy. Assessing a patient’s innate immune status prior to treatment may aid in predicting
whether a patient would respond to immune checkpoint inhibition with anti-CTLA-4 monotherapy. 

Background
In recent years, utilizing the immune system to eliminate tumors has become an increasingly popular
treatment option in numerous types of cancer. One example of this is the development of immune
checkpoint inhibitors (ICIs). ICIs are monoclonal antibodies that block the interaction of T cell surface
receptors, such as PD-1 and CTLA-4, with their respective ligands located on tumor and antigen
presenting cells. Both PD-1 and CTLA-4 can act to suppress T cell activity but differ in the mechanism
used. CTLA-4 is thought to function by regulating T cell proliferation within lymph nodes during the early
stages of an immune response (1). PD-1, however, predominately suppresses T cells located in peripheral
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tissue, which generally happens later in an immune response (1). Immune checkpoint blockade functions
by alleviating immune suppression caused by receptor-ligand interaction. ICIs are now a standard
treatment option for advanced metastatic melanoma patients - with substantially better long-term
survival compared to other melanoma treatments. Combination therapy with anti-PD-1 and anti-CTLA-4
antibodies has the highest response rates with 58% of patients showing at least some degree of
response, compared to 45% or 19% with either anti-PD-1 or anti-CTLA-4 monotherapies, respectively (2).
However, ICI therapies face numerous problems of partial response and secondary resistance with
complete response in only 22% of patients treated with combination therapy, 19% treated with anti-PD-1
monotherapy, and 6% treated with anti-CTLA-4 monotherapy (2). In addition, adverse effects are common
among patients treated with immune checkpoint inhibitors. These adverse effects linked to ICIs include
colitis, pneumonitis, myocarditis and neurotoxic effects and can be su�ciently severe to contribute to
death (3). Furthermore, patients treated with combination therapy are more likely to experience an
adverse event compared to patients treated with monotherapy (4). While the median duration of response
remains unknown in patients treated with anti-PD-1 monotherapy, patients with complete response to
anti-CTLA-4 monotherapy tend to have a durable response with a median duration of at least 59 months
(5,6). The ability to predict which patients will respond to a monotherapy like anti-CTLA-4 could help
de�ne personalized medicine strategies while minimizing the potential for unnecessary adverse effects.

The immune system is known to be a key component in the e�cacy of various melanoma treatment
options (7).  At the genomic level, melanoma is a highly immunogenic tumor with a high frequency of
somatic mutations, which frequently corresponds to a greater number of neoantigens produced by the
tumor (8,9). High mutational load and neoantigens have been examined in the context of treatment with
ICIs and have been found to correlate with positive clinical outcome and increased survival (10). While it
is known that high mutational load increases immunogenicity of tumors, the complex interactions that
occur between the immune system and melanoma are only beginning to be elucidated. Adaptive
immunity has been implicated in playing an important role in response to ICIs. Melanoma tumors show a
greater abundance of CD8+ T cells at the tumor invasive margin in patients that respond to ICI therapy
(11,12). Comparison of transcriptomes from pretreatment and on-treatment tumor samples revealed that
patients that responded to ICI therapy had a more pronounced increase in CD8+ T cells, CD4+ T cells, and
NK cells, as well as a greater increase in genes associated with lymphocyte activation, immune
checkpoints, and cytokine signaling (13,14). At the protein level, lipid metabolism has been found to
correspond to increased immunogenicity through elevated antigen presentation and is increased in
patients responding to anti-PD-1 monotherapy (15). An intricate relationship exists between adaptive and
innate immunity. Innate immunity is known to be essential to the recruitment and activation of leukocytes
within tumors in addition to participating in tumoricidal activity (16). Innate immune pathways have been
associated with pre- and on-treatment tumors from patients receiving anti-PD-1 therapy (17). Conversely,
it has also been found that monocyte and macrophage chemotactic genes (CCL2, CCL7, CCL8, and
CCL13) were associated with tumors from patient who did not respond to treatment with anti-PD-1 (10).
However, little is known about the role innate immunity plays in responsiveness to anti-CTLA-4 therapy.
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Proteomics can serve as a useful tool in analyzing clinical samples to elucidate the mechanisms involved
in responsiveness to immune checkpoint inhibitors. We have previous used label-free proteomics to
quantify protein abundance as well as evaluate histone post-translational modi�cations in a small set of
clinical metastatic melanoma samples from patients treated with ICI therapy (12). In addition, Harel et al.
used SILAC-based mass spectrometry to analyze a large cohort of clinical samples from patients that
received tumor-in�ltrating lymphocyte (TIL)-based immunotherapy or anti-PD-1 monotherapy (15). In the
current study, we used �lter aided sample preparation (FASP) coupled with Thermo Tandem Mass Tag
(TMT)-labeling to examine the proteome of immunotherapy naïve metastatic melanoma tumors from 17
patients prior to receiving anti-CTLA-4 monotherapy. The overall objective for the current study was to
identify what preexisting features could be important in determining responsiveness to treatment with
anti-CTLA-4 monotherapy. Our results implicate proteomic signatures of innate immunity as predictors of
response to anti-CTLA-4 monotherapy.

Methods
Study Design

The study consisted of formalin-�xed para�n-embedded (FFPE) metastatic melanoma samples from 17
patients. All of the patients were diagnosed with stage IV metastatic melanoma and went on to receive
�rst line immunotherapy with anti-CTLA-4 monotherapy. Patient information is summarized in Table 1.
Experimental methods used in this study were approved and performed in accordance with the University
of Arkansas for Medical Sciences (UAMS) Institution Review Board policies and procedures (study
#204543). All samples used in the study were from deidenti�ed archived human tissue biopsies with a
waiver for informed consent.

FFPE Tissue Processing.

            For each tumor, we used one 10 µm FFPE slide for proteomic studies. The tumor region on each
slide was demarcated by a dermatopathologist. The tissue was depara�nized by heating the slides to
65°C for 4.5 minutes, then placed in xylene for 1 minute, 100% ethanol for 30 seconds, 95% ethanol for 15
seconds, and rinsed in deionized water 3 times. The tissue was collected from the demarcated region and
placed in lysis buffer (100 mM Tris, 2% SDS, pH 7.6). Tumor area was measured prior to depara�nization
using ImageJ and used to normalize volume of lysis buffer. The samples were heated for 30 minutes at
95°C followed by water bath sonication for 5 minutes on high with a Diagenode Bioruptor. After
sonication sample were incubated overnight at 65°C.

Filter Aided Sample Preparation (FASP) and Tandem Mass Tag (TMT)-labeling.

            Each sample was prepared for digestion using 100 µL of the patient FFPE tissue solution. Protein
was reduced using TCEP (tris(2-carboxyethyl)phosphine hydrochloride) at a �nal concentration of 10 mM
for 30 minutes at 37°C. Samples were diluted in 11 times the volume of 8 M urea in 100 mM Tris, pH 8.5
(UA buffer) and protein collected by passage through a FASP �lter (30,000 MWCO, Sartorius Vivacon 500
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DNA Concentrator VN01H22). Protein immobilized on the �lters was treated with 100 µL of 50 mM
iodoacetamide and incubated in the dark at room temperature for 20 minutes. Following the incubation,
the �lters were washed with UA buffer and 50 mM TEAB (tetraethylammonium bicarbonate). Trypsin (1
µg) was added to each �lter and incubated at 37°C overnight. The following day, peptides were collected
by centrifugation, and formic acid was added to a �nal concentration of 0.1%. The samples were
desalted using a Sep-Pak (Waters) according to the manufacturer’s directions and then lyophilized.
Lyophilized peptide samples were re-suspended in 28 µL of 100 mM TEAB. A pooled reference sample
was created by mixing 3 µL of each sample. The TMT labels (TMT 10plex Isobaric Label Reagent Set, 0.8
mg, Thermo Scienti�c) were prepared, and subsequent steps were completed according the
manufacturer’s directions. Labeled samples and the pooled reference were combined into 3 respective
batches (Table 1).

Off-Line Fractionation and In-Line Liquid Chromatography Mass Spectrometry (LC-MS).

            Each of the TMT-labeled batches were fractionated off-line with basic pH reverse-phase
chromatography into 36 fractions using a 100 x 1.0 C18 column (Acquity BEH, Waters) and UHPLC
system (UltiMate 3000, Thermo) with a 40-minute gradient from 99:1 to 60:40 buffer A:B ratio (buffer A:
0.1% formic acid, 0.5% acetonitrile; buffer B: 0.1% formic acid, 99.9% acetonitrile). The fractions of each
batch were then combined into 12 super fractions using a concatenation scheme (1 + 13 + 25, 2 + 14 +
26, etc.) (18). The 12 super fractions of each batch were then resolved in-line using reverse phase resin
(Jupiter Proteo resin, Phenomenex) in a 200 x 0.075 mm column using a UPLC system (nanoAcquity,
Waters) coupled to a Thermo Orbitrap Fusion Tribrid mass spectrometer. Peptides were eluted with a 60-
minute gradient from 97:3 to 67:33 buffer A:B ratio and ionized by electrospray (2.15kV) followed by
mass spectrometric analysis using multi-notch MS3 parameters(19). MS data were acquired using the
Fourier Transformation Mass Spectrometry (FTMS) analysis in top-speed pro�le mode with a resolution
of 240,000 and a range of 375 to 1500 m/z. Collision-induced dissociation (CID) activation was
performed with a normalized collision energy of 35.0. MS/MS data were then acquired using the ion trap
analyzer in centroid mode with a range of 400-2000 m/z. Up to 10 MS/MS precursors were selected for
HCD activation with a normalized collision energy of 65.0 using synchronous precursor selection. MS3
reporter ion data was acquired using the FTMS analysis in pro�le mode at a resolution of 60,000 and a
range of 100-500 m/z.

Data Analysis.

Mass Spectrometry. Proteins were identi�ed and MS3 reporter ions were quanti�ed using MaxQuant
(Version 1.6.0.16, Max Planck Institute) with a parent ion tolerance of 3 ppm, a fragment ion tolerance of
0.5 Da, and a reporter ion tolerance of 0.001 Da, �xed modi�cations of carbamidomethyl on cysteine,
variable modi�cations of oxidation on methionine and N-terminal acetylation, and 3 missed cleavages
possible with trypsin. The MS3 reporter ion intensities were normalized using the Cyclic Loess
normalization function from the limma Bioconductor package (20).
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Random Forest. A random forest was generated using the 4,776 proteins identi�ed across all samples
(21). The model was built using Salford Random Forest Predictive Modeler. The parameters for the
random forest model were tuned to optimize model �t and speci�ed as Target Type:
Classi�cation/Logistic Binary, Number of trees to build: 100000, N predictors: Exactly 500, Seed: 17395,
Testing: Out of bag data used for testing (22). The top 483 (Score ≥ 0.04) most important features were
used for further analysis.

Reactome Pathway Analysis. Reactome pathway analysis was used to identify pathways associated with
the top 483 most important proteins from the random forest (23). The 281 proteins elevated in samples
from complete responders were analyzed separately from the 202 proteins decreased. ReacFoams were
generated using Reactome pathway analysis and are based on Voronoi tessellation.

Differential Protein Abundance. Signi�cance was calculated on the top 483 most important protein
features identi�ed from the random forest model using the moderated t-test. Proteins were considered
differentially abundant with a q-value < 0.05 and a fold change ≥ 2. Cluster heatmaps were constructed
using hierarchical clustering with a variance minimization (Ward) algorithm to calculate the distances
between points. Classi�cation of patients into high, moderate, and low groups was based on innate
immune protein abundance. For each innate immune protein, the median abundance was calculated on
the normalized intensity. High abundance proteins were proteins with a normalized intensity above the
median value. The number of high abundance proteins were summed for each patient and the patients
were classi�ed based on the percentage of high abundance proteins (PHAP) into the high (PHAP >
66.7%), moderate (PHAP = 33.3% -  66.7%), or low (PHAP < 33.3%) categories.

Tissue Staining

Slides were cut from FFPE patient tissue blocks to a thickness of 4 µm and processed for IHC. Antigen
retrieval was perform using citrate buffer, pH 6.0 (Dako Target Retrieval) with incubation in a decloaking
chamber (Biocare) for 20 minutes followed by a 30-minute cool down and rinse in deionized water.
Peroxidase block (Dako Peroxidase Block) was applied for 10 minutes and rinsed with TBST (tris-
buffered saline with tween 20, Dako). Non-speci�c binding was blocked by applying protein block (Dako
Protein Block) for 10 minutes and rinsed with TBST. Primary antibody against AZU1 (Prestige Antibodies:
HPA055851) was applied at a 1:100 dilution (diluted in Dako Antibody Diluent with background reducing
components) and incubated at room temperature for 1 hour and rinsed with TBST. Secondary antibody,
biotinylated goat anti-rabbit (Vector Laboratories: BA-1000) was applied at a 1:400 dilution (diluted in
TBST) and incubated at room temperature for 30 minutes and rinsed with TBST. Immunodetection
reagent (Vector Elite ABC Kit, Vector Laboratories) was applied and incubated at room temperature for 30
minutes and rinsed with TBST. DAB chromogen (Dako DAB+) was applied and incubated for 3 minutes
and rinsed in running tap water. Slides were counterstained with hematoxylin 2 (Richard-Allan Scienti�c)
for 1 minute and rinsed in running tap water. Slides were mounted with permanent mounting media. IHC
results were analyzed by a dermatopathologist, blinded to response status, based on the presence or
absence of staining in four regions: within tumor, at the tumor-stroma interface, within areas of tumor
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necrosis, and at the tumor-necrosis interface. A Fisher’s exact test was used to test for signi�cance
between patients with complete response and those with disease progression for each region.

Results
Proteomic analysis was performed on immunotherapy naïve metastatic melanoma tumor samples. All
samples were processed using �lter aided sample preparation (FASP) and split into 3 batches with each
batch containing both patients with complete response and disease progression (Table 1) (24). A pooled
reference sample was created by mixing an equal amount from each of the samples. It was analyzed
with each batch and used for normalization of peptide abundance between batches. Each batch was
labeled using TMT 10-plex isobaric mass tag labeling reagent (19,25). The work�ow of the experiment is
shown in Fig. 1. A total of 6,426 proteins were identi�ed using an FDR (false discovery rate) of 1.0% with
4,776 of the proteins having at least one peptide identi�ed in all of the samples (Supplemental Table 1).

Table 1. Patient Information and TMT batches.

Patient Batch Sex Age Biopsy Location BRAF Mutation Response

4 1 female 45 lung no CR

13 1 male 72 small intestines yes DP

14 1 male 29 lung yes DP

15 1 female 89 colon N/A DP

23 1 female 85 lymph node no DP

1 2 male 72 lymph node no CR

2 2 male 31 spinal cord yes CR

6 2 female 81 retroperitoneal N/A CR

9 2 female 62 colon no DP

11 2 female 82 brain no DP

18 2 male 68 lymph node yes DP

7 3 female 42 colon no CR

12 3 male 55 brain yes DP

16 3 female 60 bladder no DP

17 3 female 68 skin no DP

19 3 male 71 lymph node yes DP

21 3 female 78 lymph node yes DP
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All patients received anti-CTLA-4 monotherapy. Response categories: CR = complete response and DP =
disease progression.

To investigate differences in response to anti-CTLA-4 monotherapy, a random forest classi�cation model
was constructed and used to determine how speci�c proteins from tumors predict response to treatment.
The random forest was built using patient response status as the target and all 4,776 proteins as the
input features (21,26–28). The random forest used random subsets of 500 proteins to build individual
trees with each node of the tree being split on the best protein from the subset and then averaged the
predictions from all the trees generated. Overall model accuracy was 71% with a sensitivity of 80% and
speci�city of 67%. The forest was then used to determine the importance of each individual protein in
predicting patient response to treatment. Approximately 89% of the feature importance variables from the
4,776 input proteins are associated with the top 483 proteins (Fig. 2a). Out of the 483 most important
proteins, 281 were elevated in tumors from patients with complete response to treatment and the
remaining 202 proteins were decreased (Supplemental Table 1). The top 6 most important proteins were
METTL3 (N6-adenosine-methyltransferase catalytic subunit), GPKOW (G-patch domain and KOW motifs-
containing protein), RDX (radixin), C5 (Complement C5), C4B (Complement C4-B), and FGA (�brinogen
alpha chain), and demonstrated a high degree of separation between the patients from the two response
groups (Fig. 2b,c).

Reactome pathway analysis was used to examine the top 483 most important proteins from the random
forest and identify pathways that were associated with increased or decreased protein abundance in
tumors from patients with complete response to anti-CTLA-4 monotherapy. Analysis of the 202 proteins
decreased in tumors from patients with complete response showed pathways involved in metabolism of
RNA and RNA splicing (Supplemental Fig. 1). However, only 10 of the 202 proteins decreased met our
criteria for differential abundance (q-value < 0.05, fold change ≥ 2). Analysis of the 281 proteins elevated
in tumors from patients with complete response revealed the top upregulated pathways are part of the
innate immune response with 104 of the 281 proteins playing a role in innate immunity (Fig. 3a).
Upregulated innate immune pathways include antimicrobial peptides, toll-like cascades, cytosolic sensors
of pathogen-associated DNA, ROS and RNS production in phagocytes, complement cascade, and
neutrophil degranulation (Fig. 3b). Of the 281 proteins elevated, 96 were found to be differentially
abundant (q-value < 0.05, fold change ≥ 2) and 60 of those are part of the innate immune pathways (Fig.
3c).

To determine whether collective abundance of the identi�ed 60 signi�cantly elevated innate immunity
proteins correlated with patient responsiveness, protein levels were used to classify patients into high,
moderate, or low abundance groups. Patients were classi�ed based on the percentage of high abundance
proteins (PHAP): high level (PHAP > 66.7%), moderate level (PHAP = 33.3% - 66.7%), or low level (PHAP <
33.3%). Four of �ve patients with complete response to treatment had high abundance of innate immune
proteins and 1 patient had moderate abundance, whereas only 1 out of 12 patients with disease
progression had a high abundance of innate immune proteins and the remaining 11 patients had either
moderate or low abundance (Fig. 4a). The majority of these 60 signi�cantly elevated innate immunity
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proteins identi�ed from tumors of patients responding to anti-CTLA-4 therapy belong to the complement
cascade or neutrophil degranulation pathways (Fig. 4b,c).

To con�rm proteomics results and examine differences in neutrophil abundance, we used
immunohistochemistry (IHC) staining against AZU1 to look for neutrophil presence at four different
locations: within the tumor, at the tumor-stroma interface, within necrotic areas, and at the tumor-necrosis
interface. AZU1 was selected because it showed the greatest degree of difference between response
groups in our proteomics results. High levels of AZU1 staining is indicative of neutrophil presence
because it is expressed in neutrophil azurophil granules. AZU1 staining showed signi�cant neutrophil
presence at the tumor-necrosis interface in tumors from patients responding to anti-CTLA-4 monotherapy
(Fig. 4d).

Discussion
Metastatic melanoma remains a devastating disease with poor long-term survival for patients who do not
respond to treatment with ICIs or who develop secondary resistance. Activation of the immune system
has been found to play an important role in driving response to various melanoma treatment options
including radiation and chemotherapy (7). The immune system can be broken into two major
subsystems, the innate immune system and the adaptive immune system. The innate immune system
has a cellular component comprised of neutrophils, basophils, eosinophils, macrophages, dendritic cells,
mast cells, and natural killer cells as well as an in�ammatory component and the complement system.
Innate immunity provides an immediate, non-speci�c response to threats such as pathogens or cells
presenting as non-self. The adaptive immune system, on the other hand, generally provides a delayed but
speci�c response to new threats and is comprised of B and T cells, which can develop long-term memory
to previously encountered pathogens. Localization of T cells to melanoma tumors prior to immune
checkpoint blockade has been found to associate with therapy response, as such identi�cation of
markers predicting T cell recruitment to the tumor microenvironment could help identify patients more
likely to response (11, 12).

In this study, we used TMT quantitative proteomics to investigate metastatic melanoma patient response
to anti-CTLA-4 monotherapy (Fig. 1). Proteomic analysis was performed on 17 tumors samples removed
prior to patients receiving anti-CTLA-4 immunotherapy (Fig. 2). After monotherapy, 5 patients had a
complete response and 12 patients went on to develop disease progression (Table 1). For this sample set,
we identi�ed the most important pre-monotherapy proteomic features in determining response. To
analyze proteomic data, we used a random forest classi�cation, which is a machine learning technique
that is designed to handle high dimensional data and small datasets (21, 26–28). The random forest
model was generated using all 4,776 proteins identi�ed in all patient samples. Model accuracy was 71%
with a sensitivity of 80% and speci�city of 67%. The top 483 most important proteins accounted for 89%
of differences between response groups. Reactome, a peer-reviewed pathway database, was used to
examine the top most important proteins identi�ed from the random forest model (23, 29–31). Pathway
analysis of the proteins upregulated in metastatic melanoma tumors from patients with complete
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response to treatment showed a high abundance of innate immune proteins indicating a robust innate
immune response may be a signature of responding tumors (Fig. 3). Proteins involved in innate immunity
accounted for 63% of the differentially abundant proteins elevated in tumors from responding patients.
Neutrophil degranulation and complement cascade were the top two pathways identi�ed with a direct
immune function - with 88% of differentially abundant innate immunity proteins being associated with
one of the two pathways (Fig. 4). Both complement cascade and neutrophils play an important role in the
innate immune response. The complement cascade is comprised of numerous proteins which undergo
proteolytic cascade and play a critical role in the generation of an in�ammatory response and
phagocytosis via opsonization (32). The complement cascade is part of the innate immune response, but
also serves as a bridge between innate and adaptive immunity (32, 33). In T cell mediated immunity, the
complement cascade can enhance T cell proliferation and decrease apoptosis (33). Activated neutrophils
also play an important role in in�ammation and secrete pro-in�ammatory cytokines (34). Primed
neutrophils are also able to activate T cells by presentation of antigens via MHC Class II molecules (34).

Multiple scenarios could potentially explain the reason markers of innate immunity are elevated in tumors
from anti-CTLA-4 treated and responding patients. One is that innate immune pathways could be playing
a direct role in priming the adaptive immune response to eliminate tumor cells. Patient tumors showing
low innate immune response could potentially have more di�culty initiating an adaptive immune
response. Alternatively, innate immune markers could be a byproduct of an acute immune response to the
tumor in which case the cancer has already been recognized by the immune system. A systematic look at
innate immune response before and during anti-CTLA-4 monotherapy may help in developing treatments
to improve response to ICIs. Previous studies on response to ICI therapy have observed that high
mutational load and increased neoantigens are associated with improved clinical outcome and increased
survival (10). In addition, increased abundance of CD8+ T cells prior to ICI treatment at the tumor invasive
margin have been observed in patients responding to treatment (11, 12). High mutational load and
neoantigens may increase the likelihood that the melanoma tumor is being recognized by the innate
immune system as a problem to be eliminated and triggering a systemic response to the tumor.
Furthermore, innate immunity may be driving the recruitment of CD8+ T cells to the melanoma prior to the
treatment with ICIs through the ability of neutrophils to recruit and activate cytotoxic lymphocytes. Future
work with a larger cohort of patients will be needed to determine if innate immunity has similar ability to
predict response in patients treated with anti-CTLA-4/anti-PD-1 combination therapy or anti-PD-1
monotherapy.

Conclusion
Proteomic analysis of metastatic melanomas from patients showing complete response to anti-CLTA-4
monotherapy verses disease progression suggests that preexisting innate immune response may be
important in determining responsiveness to immune checkpoint inhibitors. In addition, elevated
complement cascade or neutrophil degranulation markers in the tumor microenvironment could serve as
potential biomarkers to determine whether a person is likely to respond to anti-CTLA-4 monotherapy.
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Improving responsiveness to anti-CTLA-4 monotherapy could lead to a greater number of patients being
able to achieve a durable response to treatment while minimizing unnecessary exposures to a drug with a
high rate of dangerous adverse effects (4, 6). Furthermore, enhanced responsiveness to treatment with
anti-CTLA-4 could increase the likelihood of complete response in patients treated with combination
therapy. Studies often focus on aspects of the adaptive immune response, such as CD4+, CD8+, and
regulatory T cells when trying to determine or improve responsiveness to ICIs. In contrast, few studies
examine the effects of innate immunity on response to checkpoint blockade. This study provides support
for the concept that activation of the innate immune system may be a necessary �rst step in eliciting an
adaptive immune response and immune clearance of tumor cells and is worthy of further continued
investigation.
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Figure 1

Proteomics work�ow.
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Figure 2

Random forest analysis shows proteins most important in predicting patient response to anti-CTLA-4
monotherapy. a Scatter plot of all 4,776 proteins ordered according to rank of feature importance. b Top
50 most important proteins in predicting patient response. c Boxplots showing distribution of patients for
each of the top 6 most important proteins.
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Figure 3

Upregulated pathways in tumors from patients with complete response are associated with innate
immunity. a The top 10 pathways identi�ed from Reactome pathway analysis in metastatic melanoma
tumors from patients with complete response. b ReacFoam analysis showing the most substantially
increased pathways associated with innate immunity. c Pie chart of all differentially abundant proteins
elevated in tumors from patients with complete response (q-value < 0.05, fold change ≥ 2).
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Figure 4

Complete response tumors show increased abundance of proteins related to complement cascade and
neutrophil degranulation. a Patient classi�ed into high, moderate, or low innate immunity protein
abundance by proteomic analysis. b Pie chart showing the ratio of innate immune proteins associated
with neutrophil degranulation and complement cascade. c Clustered heatmap of the 60 differentially
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abundant innate immune proteins. d Presence of neutrophils using immunohistochemistry staining for
AZU1 shown by tumor location and grouped by patient response.

Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.

SupplementalTable1.xlsx

SupplementalFigure1.pdf

https://assets.researchsquare.com/files/rs-69890/v1/SupplementalTable1.xlsx
https://assets.researchsquare.com/files/rs-69890/v1/SupplementalFigure1.pdf

