Proceedings of the 2nd International Conference on Modern Medicine and Global Health
DOI: 10.54254/2753-8818/32/20240737

Identification of the transcriptomic alterations of resistance to
immune checkpoint inhibitors in Melanoma

Qiyao Mak
Shanghai High School International Division, Shanghai, China

corrinemak2016@outlook.com

Abstract. Although immunotherapeutics like immune checkpoint inhibitor (ICI) therapy have
greatly improved survival rates, death rates of melanoma still remain high. One of the reasons
for this is that the solid tumor microenvironment creates obstacles for the effectiveness of anti-
PD1 immunotherapy in patients. Therefore, it is crucial to identify potential biomarkers that
could be used in combination therapy with anti-PD1 to modify the tumor microenvironment and
enhance response to treatment. In this study, we examined clinical and tumor transcriptional
sequencing data from 91 patients who received anti-PD1/anti-CTLA4 therapy. Through both
bulk RNA sequencing analysis and single-cell RNA-sequencing (scRNA-seq), we discovered
that 8 key pathways were upregulated in patients who responded well to the therapy. Interestingly,
these pathways were found in myeloid and T cell populations, indicating their significant role in
response to anti-PD1/anti-CTLA4 therapy. Among these pathways, genes such as IRF1, IRF2,
C1, and C3 emerged as potential biomarkers that could potentially enhance the effectiveness of
ICIs therapy. Further clinical research is required to validate the impact of these genes. The
novelty of this study lies in the combination of bulk RNA sequencing and single RNA sequencing
methods, which allowed us to uncover distinct differences in the transcriptomic landscape of
solid tumors, particularly melanoma.
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1. Introduction

Melanoma is the 17th most common cancer worldwide with estimated number of new patients to be
around 325,000 in 2022 [1, 2]. Roughly 57,000 individuals lost their lives because of melanoma in 2020.
Assuming the same yearly growth rate, there will be 510,000 new cases (around a 50% increase) and
96,000 deaths each year (a 68% increase) [1,3].

Immunotherapy has shed positive light on the treatment of advanced melanoma. For example,
immune checkpoint inhibitors have significantly prolonged the median survival of patients with
advanced inoperable stage IV diseases, from around 6 months to nearly 6 years [1]. In particular, anti-
PD1 immunotherapies can achieve great control of melanoma progression, even producing a higher
survival rate than chemotherapy [4, 5]. However, it remains unsatisfactory that current therapies are only
effective to a fraction of patients, with an overall response rate of around 50% [6]. This failure is largely
due to a suppressive tumor microenvironment which inhibits T-cell activity and support tumor
progression [7].

© 2024 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
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It is shown that genetic mutations are correlated with anti-PD1 therapy responses in non-small cell
lung cancers, which could provide a potential indicator for anti-PD1 immunotherapy responses in
melanoma [8]. However, mutations within tumors could be completely random because of chromatin
instability, so genes are better reporters to predict anti-PD1 therapy response [5]. Compared to recent
bulk RNA-sequencing studies in this area [9, 10], single-cell RNA sequencing (scRNA-seq) could
provide higher resolution in transcriptomic landscape that may not be apparent in previous studies. Here,
we try to reveal key genomic planning targets that may be used for rewriting the tumor immune
environment to provide maximal benefit for solid cancer patients, enhancing anti-cancer
immunotherapies in melanoma using both bulk-RNA and single-cell RNA sequencing (scRNA-seq).

2. Methodology

2.1. Patient Data and Databases

The data for our study was obtained from 91 melanoma patients who had undergone treatment with anti-
PD1/anti-CTLA4 therapy. Of these patients, 73 had their transcriptional sequences collected before
treatment, while 18 had sequences collected during the early stages of treatment. To assemble our dataset,
we sourced the information from the Tumor Immunotherapy Gene Expression Resource (TIGER)
database. In addition to the clinical and tumor transcriptional sequencing data, we also included single
cell RNA-sequencing data from 31 patients with skin cutaneous melanoma who exhibited a positive
response to anti-PD1 therapy. This data was obtained from the Tumor Immune Single-cell Hub 2
(TISCH2) database. This additional dataset allowed us to explore the transcriptional profiles of
individual cells within these patients and gain insight into the mechanisms underlying the positive
response to anti-PD1 therapy in melanoma.

By combining clinical and tumor transcriptional sequencing data from TIGER with the single cell
RNA-sequencing data from TISCH2, we aimed to have a comprehensive understanding of the
transcriptional landscape in melanoma patients undergoing immunotherapy. This integrated approach
provides valuable insights into the molecular processes and potential biomarkers associated with
response to anti-PD1/anti-CTLA4 therapy in melanoma. Our findings contribute to the growing body of
knowledge in the field of tumor immunotherapy and may have implications for the development of
personalized treatment strategies for melanoma patients.
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Figure 1. Methodology diagram. We adopt a broad-to-specific approach. First, we determine the
correlation of response and nonresponse with other factors before launching into analysis. We then input
data into GSEA to determine upregulated pathways. SCRNA-seq data was used to determine pathway
enrichment occurrence in cells for the response group with another dataset of 31 patients. We used
UMAP single cell profile analysis to determine pathway occurrence in cells and signature score
comparison for key genes in pathways for our dataset, confirming our findings.

2.2. Preliminary correlation analysis

In the correlation analysis conducted, data from a total of 91 patients were utilized to explore the
relationship between response and two variables: sex and age. By examining these factors, we aimed to
uncover any potential associations between response and these demographic characteristics before
continuing on our analysis
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2.3. Gene set enrichment analysis (GSEA)

In our study, we analyzed the data collected from 73 patients mentioned earlier. This data included both
their clinical response information and other relevant factors. Our primary objective was to identify and
investigate the pathways that were upregulated in these patients. To achieve this, we utilized Gene Set
Enrichment Analysis (GSEA), a powerful tool commonly used in bioinformatics allowed us to gain
insights into the molecular mechanisms and biological processes that may be associated with the
observed clinical responses. Identifying these pathways is crucial for understanding the underlying
biology and finding potential therapeutic targets.

2.4. Core gene expression and response analysis

We conducted an analysis of mRNA levels in key genes within pathways that were found to be enriched
through Gene Set Enrichment Analysis (GSEA). We utilized bulk-RNA sequencing data from a cohort
of 73 patients in order to investigate the correlation between these mRNA levels and the response to
anti-PD1 therapy. By examining mRNA levels, we aimed to identify any patterns or associations that
could provide insights into the effectiveness of this therapy. The goal of our analysis was to understand
the potential role of these key genes in predicting response to anti-PD1 treatment.

2.5. UMAP single cell profile analysis

scRNA-seq allows for the examination of gene expression at a single cell level, providing a high-
resolution view of cellular heterogeneity. We utilized scRNA-seq data obtained from 31 patients to
generate UMAPs (Uniform Manifold Approximation and Projection) for the purpose of conducting
single cell profile analysis. The objective was to establish a link between pathway upregulation and
specific cell populations. By applying UMAPs to the scRNA-seq data, we visualized and clustered
different cell populations based on their gene expression profiles. This approach enabled the
identification of distinct cellular subtypes within the patient samples. We were also interested in
investigating how pathway upregulation correlated with the identified cell populations. By analyzing
gene expression data, we determined which pathways were significantly upregulated in specific cell
types. This information could potentially shed light on the underlying molecular mechanisms driving
cellular behavior and function in disease states.

2.6. Signature score analysis

In our study, we conducted an analysis of the signature score of genes at the single-cell level in immune
cells found within melanoma tumors. Specifically, we aimed to compare the signature score of genes
between tumors that responded to anti-PD1 treatment and those that did not. By examining the signature
score, which is a measure of gene activity, we were able to gain insights into the immune response within
these tumors and its correlation with treatment outcomes. Our analysis focused on immune cell as they
play a crucial role in the tumor microenvironment and their response to treatment can greatly impact
therapeutic efficacy.

3. Methodology

3.1. Immune checkpoint therapy improves overall survival

We collected clinical and tumor transcriptional sequencing data from 91 melanoma patients who were
treated with anti-PD1/anti-CTLA4 therapy. 49 patients (~54%) had a clinically complete response (CR)
or partial response (PR) to the treatment, while 42 patients (~47%) had no response to therapy. We found
that anti-PD1/anti-CTLA4 responders (RP) had significantly better survival rates compared to non-
responders (NR) (p<0.0001, Figure 2A). Several previous studies suggest that the immunotherapy
response status may correlate with the patient’s age and gender. However, we found that the anti-
PD1/anti-CTLA4 response was not correlated to sex (two-tailed p-value > 0.05, Figure 2B) nor age
(two-tailed p-value >0.05. Figure 2C) in these 91 melanoma patients. Thus, it is safe to directly compare
the transcriptome profiles of response and nonresponse groups.
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Figure 2. Immune checkpoint blockade therapy improves patient survival. (A) Survival curves of melanoma
patients treated with anti-PD-1/anti-CTLAA4 therapy, based on tumor response (RP, Blue) versus nonresponse
(NR, Red). p values: log-rank test. (B) A pie chart illustrating the distribution of male and female melanoma
patients treated with anti-PD-1/anti-CTLA4 therapy, based on their tumor response or lack thereof. (C) The
age of melanoma patients treated with anti-PD-1/anti-CTLAA4 therapy, based on their tumor response or lack
thereof.

3.2. Immune-related pathways are associated with ICI response

We then evaluated whether transcriptomic features would differentiate between responding and non-
responding tumors from 73 patients (responding, n=40; nonresponding, n=33). We found that genes that
directly code the immune checkpoint molecules PD-1, PD-L1, PD-L2, and CTLA4, were differentially
expressed between response versus non-response tumor groups (Figure 3). We also used Gene Set
Enrichment Analysis (GSEA) to analyze the transcriptome data. We found that no hallmark gene sets
were significantly upregulated in the nonresponse group (nominal p-value < 5% and FDR < 25% were
considered as significant enrichment in this paper), while eight hallmark pathways were enriched in the
response group (Figure 4). Interestingly, all of the enriched pathways are related to immune response,
including the IFNy response pathway, the IFNa response pathway, the allograft rejection pathway, the
complement pathway, the IL6-JAK-STAT3 pathway, the IL2-STATS pathway, the TNFA-NFKB
pathway, and the inflammatory response pathway.
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Figure 3. Genes in modulating immune checkpoint sensitivity were differentially expressed between
responding versus non-responding tumors. (A-D) mRNA levels of PDCD1 (code PD1), CD274 (code PD-
L1), PDCD1LG2 (code PD-L2), and CTLA4 in the responding versus non-responding pretreatment tumors.
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Figure 4. The immune-related pathways are upregulated in melanoma tumors that respond to anti-PD-1-

/anti-CTLA4-treatment. (A-H) Gene set enrichment analysis (GSEA) results of bulk RNA-Seq data show
signaling pathways enriched in melanoma tumors that respond to anti-PD-1-/anti-CTLAA4-treatment.
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3.3. Antigen presentation and inflammatory tumor phenotypes are associated with innate anti-PD-1
response

We then evaluated the expression of core genes involved in the enriched pathways in the two groups.
The differentially expressed genes (DEGs) suggest that the downregulated antigen presentation and
inflammatory tumor phenotypes may be associated with innate anti-PD-1 resistance. DEGs that were
expressed lower in nonresponding tumors included interferon a, B, y and signature genes such as IFNG,
JAK2, TYK2, STAT1, STAT2, IRF1, IRF2, IRF9, MX1, and OASL (Figure 5A), HLA class I signature
genes such as TAP1, TAPBP, HLA-A, HLA-B, and HLA-C (Figure 5B), HLA class II signature genes
such as HLA-DMA, HLA-DPA1, HLA-DPB1, HLA-DRA, and HLA-DRBI1(Figure 5B), complement
system signature genes such as CI1QA, C1S, C1R and C3 (Figure 5A), and inflammatory response
signature genes such as IL2RG, IL12RB1, IL15RA, IL17RA, CSF2RB, CCLS5, CXCL9, CXCL10, and
CXCLI11 (Figure 6B).

Since bulk RNA-seq data contains transcriptional activity of both cancerous and non-cancerous cells,
we then used single-cell RNA-seq data from 31 melanoma patients to map the cells in which the altered
pathways were enriched compared to other cells. We found that the altered gene signature sets mainly
enriched in the myeloid population (monocytes and macrophages) and T cells compared to other cell
types (Figure 7). For instance, the [FNy-response pathway, the [FNa-response pathway, the allograft
rejection pathway, and the IL2-STATS pathway were highly enriched in the myeloid population
(monocytes and macrophages) and T cells (Figure 7B-7D), while the TNFA-NFKB signal and
inflammatory response pathways were highly enriched in the myeloid population (Figure 7F &7H).
These results suggest that the myeloid and T populations are major players in effective response to anti-
PD1/anti-CTLA4 therapy.
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Figure 5. Downregulation of Interference Response and Antigen Presentation Pathway relates to Innate
Resistance to anti-PD1-/anti-CTLA4 treatment. (A) mRNA levels of genes that control interference response
which were differentially expressed between the responding versus non-responding pretreatment tumors; (B)
MRNA levels of genes that control antigen presentation which were differentially expressed between the

responding versus non-responding pretreatment tumors.
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Figure 6. Upregulation of Inflammatory Response Pathway Correlates to Innate Resistance to anti-PD1-
/anti-CTLA4 treatment. (A) mRNA levels of genes that control complement response which were
differentially expressed between the responding versus non-responding pretreatment tumors; (B) mRNA
levels of genes that control inflammatory response which were differentially expressed between the

responding versus non-responding pretreatment tumors.
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Figure 7. The Myeloid and T Cell Populations Contribute Transcriptomic Signatures of Innate Resistance to
anti-PD1-/anti-CTLA4 treatment. (A) Distinct profiles of malignant and non-malignant cells in melanoma
tumors. UMAP of single-cell profiles (dots) from malignant and non-malignant cells colored by post hoc
annotation are shown. (B-H) UMAP of hallmark gene set signatures for IFNy Response (B), Hallmark-IFNa
Response (C), Hallmark-Allograft Rejection (D), Hallmark-Complement (E), Hallmark-TNFA-Signal-
NFKB (F), Hallmark-1L2 STAT Signaling (G), and Hallmark-Inflammatory Response(H).

3.4. Immune cells contribute transcriptomic signatures of innate resistance

To further confirm whether the difference of the altered pathways based on bulk RNA-seq data was truly
contributed by myeloid and T cells, we compared the signature score of gene sets at single-cell level
from immune cells in melanoma tumors that respond or did not respond to anti-PD1 treatment. As shown
in Figure 8, all enriched signaling pathways (in the responding tumor group) identified from bulk RNA-
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Seq data are down-regulated in myeloid and/or T cell populations, suggesting that the downregulated
pathways in immune cells may contribute to innate resistance to anti-PD1/anti-CTLA4 treatment.
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Figure 8. The immune-related pathways are downregulated in immune cells and contribute to transcriptomic
signatures of innate resistance to anti-PD1-/anti-CTLAA4 treatment. (A) Distribution of the signature scores
of the indicated hallmark gene sets in immune cells from melanoma tumors that respond(blue) or did not
respond (red) to anti-PD-1 treatment.

4. Discussion

We observed higher enrichment of multiple interferon (o and y) signatures in the anti-PD1/anti-CTLA4-
responsive group. The interferon y signature was found to be highly expressed in the tumor from
responding patients. We noted that multiple interferon response factors (IRF1, IRF2, and IRF9) are
significantly upregulated in response groups compared to nonresponse groups (Figure 4A, p-value<
0.05). This finding matches the positive correlation of these genes with the same immune cell types in
head and neck squamous carcinoma [11]. Coincidentally in head and neck squamous carcinoma, PDL1
had a significant correlation with IRF family genes [11]. Therefore, we hypothesize that higher
expression of the IRF family gene may mean easier targets for anti-PDL1 therapy, explaining the
positive correlation between IRF expression and anti-PDL1 therapy response in melanoma. This
hypothesis is further verified by the literature-proven individual anti-cancer effects of IRF1 and IRF9
[12,13].

IRF1 has been proven to correlate with PDL1 expression in lung cancer, which would provide more
targets for anti-PD1/PDL1 therapy and provide a mechanism for better response [14]. A study shows
that IRF1 could be used to predict anti-PD1 response, correlating with our findings that express a
significantly high correlation of downregulation of IRF1 in nonresponse contrasting with higher
expression levels of IRF1 in response ([15], Figure 4A, p value<0.001).

However, both IRF2 and IRF9 present special cases. IRF2 suppresses anti-tumor immune responses
[13, 16]. On the other hand, sources confirm IRF2 expression is related to anti-PD1 immunotherapy
sensitivity and increased immune response in colorectal cancer, probably because IRF2 represses PD-
L1, helping anti-PD1 immunotherapy [17, 18]. Loss of IRF2 is correlated with less CD8+ cell activation
and increased tumor evasion [17]. These findings support our data that IRF2 upregulation is correlated
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with patients responding to anti-PD1 therapy (Figure 4A, p value=0.0083). Nevertheless, an explanation
is needed on the contradictory evidence regarding IRF2 and cancer regulation.

Similar data with IRF9 is also contradictory. IRF9 has been found to upregulate IL6 and aid in
colorectal cancer growth, though in other cancers IRF9 has played a role in cell death and had anti-
tumor effects. This diversity can be attributed to differences in vivo and in vitro conditions and different
cancer cell types [19]. However, IRF9 may be part of a key pathway that increases PD-L1 expression in
lung cancer cells, which matches with our results of high expression level correlation of IRF9 in
melanoma cancer response group cells ([20], Figure 4A, p value=0.0019). This may mean that IRF9-
expressing cells may indicate a better response to anti-PD1 therapy in melanoma, though this remains
to be further verified.

The complement system is very complex and not well understood in melanoma. Researchers have
found in clear-cell renal cell carcinoma that tumor-associated macrophages produced C1q while tumor
cells produced C1R, C18, and C3. This activates the classical complement pathway, which produces a
pro-cancer effect. Other cancers and other models have shown anti-cancer effects of the complement
system, pointing in the direction that the complement system’s role may vary based on the type of cancer
and the model used for testing. This matches with similar observations that the role of the complement
system is highly dependent on the type of cancer and its effects may even vary depending on the model
used [21]. Furthermore, a higher density of C1Q-producing tumor-associated macrophages was
associated with increased expression of immune checkpoint molecules like PD-1 and PD-L1 and
immunosuppressive environment [22]. This could mean both pro-cancer and anti-cancer effects,
highlighting the complexity of the complement system in cancer. Even skin cell cutaneous melanoma
(protective complement) shows different effects than uveal melanoma (aggressive complement) [21].
Therefore, we put our focus on melanoma-related studies. C1g-deficient mice with syngeneic B16
melanoma experience a slower rate of tumor growth and have an extended lifespan, suggesting that Clq
plays tumor-suppressing effects in melanoma. The study also found that there was weak C3 expression
in the sample as well, similar to our results of C3 (p value=0.0395) having a slightly weaker correlation
of expression than C1QA (0.0335) in nonresponse patients (Figure 5A). This further indicates that the
alternate pathway is also activated, not just the classical pathway [23]. Our results show that there is a
correlation between low expression levels of CIQA, CIR, CI1S, and C3 with nonresponse patients
verifying the anti-tumor effects of the complement system in the mice melanoma tumor study (Figure
5A, p values < 0.05). A 2017 study analyzing both melanoma and colon cancer in mice found that anti-
PD1/PDL1 was correlated with higher levels of C1q and C3b/iC3b/C3c (cleaved products of C3) within
tumors [24]. C3 showed a higher response during anti-PD1 therapy compared to C1 (low anti-tumor
immune response), leading to increased overall survival rates and progression-free survival [25]. This
shows that C3 might be a good biomarker for enhancing anti-PD1 therapy, though this remains to be
tested clinically. C1-specific functions remain to be confirmed in an anti-PD1 context.

5. Conclusion

In summary, clinical and tumor transcriptional sequencing data from large cohort of melanoma patients
who received ICls indicated that the IFNy response pathway, the IFNa response pathway, the IL2-STATS
pathway, the TNFA-NFKB pathway, and the inflammatory response pathway are significantly
downregulated in non-responsive tumors pro-treatment. The single-cell transcriptome comparation of
immune cells in melanoma that respond or did not respond to anti-PD1 treatment suggests that the
difference of these gene sets might be contributed by myeloid and T cell populations. These findings
suggest that the transcriptomic landscape (especially the identified gene sets) could be used as
biomarkers to predict and preselect patients for ICIs. These analyses also indicate that attenuating the
biological processes that underlie these pathways may improve ICI response in melanoma and other
cancer types. but further clinical research is required to validate the impact of these gene sets.
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