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Abstract
Background: In the past 10 years, the identi�cation of new mutant genes involved in the pathogenesis of
melanoma and the discovery of key immune checkpoints have promoted the development of targeted
therapy and immunotherapy. There is no doubt that an important breakthrough has been made in the
treatment of advanced or metastatic melanoma. However, the treatment of melanoma also faces many
challenges. In addition to resistance to existing targeted therapies or immunotherapy, most patients do
not respond to immunotherapy or have serious adverse reactions. At present, the value of existing
biomarkers to predict treatment response and toxicity is still limited. Therefore, there is an urgent need to
establish a convenient and reliable immunotherapy response prediction model in order to preliminarily
clarify the population bene�ting from immunotherapy.

Results: We established a predictive model based on the expression values of �ve genes for patients with
melanoma with an anti-PD1 immunotherapy response score. This model showed better predictive ability
compared with other common immunotherapy predictors. Differences were found in the number of
immune cells and the expression of common immune checkpoint genes between the high- and low-score
groups. The model played a pivotal role in predicting renal cell carcinoma anti-PD1 immunotherapy
response.

Conclusions: The anti-PD1 immunotherapy response score prediction model for patients with melanoma
showed good predictive power, thus having far-reaching signi�cance for identifying people who bene�ted
from anti-PD1 immunotherapy and reducing the potential toxicity of insensitive patients.  

Background
Melanoma is a tumor with a high degree of malignancy derived from melanocytes; it mainly occurs in the
skin, mucous membranes, and uveal tract of the eye. In 2015, the global incidence of melanoma was
351,880 cases, and the age-standardized incidence rate was 5 per 100,000 persons. At the same time, it
caused 59,782 deaths worldwide, with an age-standardized rate of 1 death per 100,000 persons [1]. In the
United States, the incidence of cutaneous melanoma increases every year, but the mortality rate has
dropped signi�cantly[2]. In 2017, the incidence of melanoma in China was estimated to be 16,073 cases,
and the age-standardized rate was 0.9 cases per 100,000 people. The death toll due to melanoma was
estimated to be 5088, and the age-standardized ratio was 0.3 per 100,000[3]. Melanoma is a relatively rare
malignant tumor in China; however, the incidence rate shows an increase and the mortality rate is high[4].
This difference is mainly due to the different common subtypes of melanoma in China and the United
States. Chinese melanoma is more malignant. Among Asians and other people of color, melanomas of
the extremities and mucous membranes are more common, while melanomas of whites' skin are more
common.

Surgical treatment is the main choice for more than 90% of primary focal melanomas[5]. After early
melanoma is diagnosed, wide excision of the primary tumor with safe margins should be performed
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based on the depth of tumor invasion (Breslow thickness). Most of these tumors can be cured by surgery.
It is generally believed that melanoma is not sensitive to radiotherapy. However, radiotherapy can shrink
the tumor and relieve symptoms in cases of brain metastasis, bone metastasis, and repeated lymph node
recurrence. Patients do not bene�t much from single-agent chemotherapy or traditional combination
drugs; the effective rate is about 10–15%[4]. In the last 10 years, the identi�cation of new mutant genes
involved in the pathogenesis of melanoma and the discovery of key immune checkpoints have promoted
the use of targeted therapy and immunotherapy. An important breakthrough has been made in treating
advanced or metastatic melanoma[6, 7]. About 50% of patients with metastatic melanoma treated with
combined immunotherapy survive for 5 years after diagnosis[8]. In addition, the 5-year survival rate of
patients with targeted therapy combined with BRAF/ mitogen activated protein kinase (MAPK) kinase or
single-agent PD1 blockade is more than one third[9, 10]. Despite these advances, the current cure rate for
patients with metastatic melanoma remains low. In summary, the treatment of melanoma still faces
many challenges. Besides drug resistance to existing targeted therapy or immunotherapy, most patients
do not respond to immunotherapy or have serious adverse reactions, which is also worth further
consideration[11]. Elucidating the determinants of immunotherapy response and drug resistance is the key
to improving patient prognosis and developing new treatment strategies. Currently, the value of existing
biomarkers to predict therapeutic response and toxicity is still limited[5, 6]. Therefore, a convenient and
reliable immunotherapy response prediction model needs to be urgently established to initially determine
which patients are most likely to bene�t from immunotherapy.

In this study, we obtained melanoma RNA sequencing datasets containing anti-programmed cell death 1
(anti-PD1) immunotherapy response information from the Gene Expression Omnibus (GEO) database,
screened out the differentially expressed genes between the anti-PD1 immunotherapy response group
and the nonresponse group, and established a key gene-based predictive model of anti-PD1
immunotherapy response to melanoma. Subsequently, the accuracy of the model was evaluated, and the
e�cacy of this model and common indicators of immunotherapy response was compared. Further, the
relationship between the model and the tumor microenvironment was analyzed, and the application value
of this model in other tumors was evaluated. The �ndings of this study might provide an important
reference for the reasonable selection of treatment options for patients with melanoma and avoid
unnecessary potential toxicity.

Results

Construction of the predictive model of anti-PD1
immunotherapy response
Differentially expressed genes play an important role in the occurrence and development of tumors, and
hence the identi�cation of these genes can help deepen our understanding of tumors. First, we obtained
RNA sequencing datasets (GSE78220 and GSE91061) containing anti-PD1 treatment response
information from the GEO database (Table 1). The aforementioned datasets were merged into a new
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dataset for subsequent analysis through batch correction. We obtained 1874 differentially expressed
genes through differential expression analysis, including 1097 upregulated genes and 777 downregulated
genes (Fig. 1A). Next, we randomly divided the new dataset into training and validation datasets (the ratio
of sample size was 6:4). We obtained �ve key genetic variables using the "glmnet" package to perform
Lasso regression and cross-validation, and constructed a binary logistic regression model for the training
dataset (the response to immunotherapy was recorded as 0, and the nonresponse was recorded as 1)
(Fig. 1B). Therefore, the lower the score, the more sensitive the immunotherapy response. This model
mainly predicted the anti-PD1 immunotherapy response of patients with melanoma. The key genes
involved in this model were protein tyrosine phosphatase domain containing 1 (PTPDC1), serologically
de�ned colon cancer antigen 8 (SDCCAG8), Peter Pan Homolog (PPAN), serine/threonine kinase 40
(STK40), and small nucleolar RNA, C/D box 16 (SNORD16) (Table 2). Finally, the anti-PD1
immunotherapy response of each tumor sample was predicted using the predict() function. We revealed
the relationship between the actual immunotherapy response of tumor samples and the immunotherapy
response score using differential expression analysis. The results showed that the actual immunotherapy
nonresponse group had a signi�cantly higher score than the response group (Fig. 1C). This �nding
illustrated that the score clearly distinguished the immunotherapy response group from the nonresponse
group, which was of great signi�cance for predicting the immunotherapy response.

Evaluation and veri�cation of the anti-PD1 immunotherapy
response prediction model
As mentioned earlier, we constructed an anti-PD1 immunotherapy response prediction model, but the
accuracy of this model needed further evaluation. Based on the constructed model, we calculated the
immunotherapy response score of the validation dataset. This score clearly distinguished the
immunotherapy response group from the nonresponse group in the validation dataset (Fig. 1D). The ROC
curve analysis showed that the area under the curve (AUC) of the immunotherapy response score
prediction model based on the training dataset was 0.972 (Fig. 1E). In this model, sensitivity (SE),
speci�city (SP), positive predictive value (PPV), negative predictive value (NPV), and accuracy were 1,
0.708, 0.889, 1, and 0.913, respectively (Table 3). Subsequently, we validated the model with the
validation dataset. The AUC of the immunotherapy response score prediction model based on the
validation dataset was 0.797 (Fig. 1E). The SE, SP, PPV, NPV, and accuracy of this model was 0.923,
0.571, 0.857, 0.727, and 0.830, respectively (Table 3). This suggested that the predictive effect of the
immunotherapy response prediction model for patients with melanoma was good.

Comparison of the anti-PD1 immunotherapy response
prediction model with other indicators
At present, the common predictors of immunotherapy e�cacy include PDL1 expression, tumor mutation
burden, de�cient mismatch repair (dMMR), and so forth[12]. We evaluated the role of the aforementioned
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indicators in predicting the response to anti-PD1 immunotherapy to compare the effectiveness of the
model and other common indicators. DNA mismatch repair is a highly conservative process involving
four key genes mutL homologue 1 (MLH1), postmeiotic segregation increased 2 (PMS2), mutS
homologue 2 (MSH2), and mutS homologue 6 (MSH6)[13]. We used PCA to obtain an algorithm that
re�ected the dMMR process based on the expression values of the aforementioned four genes (Fig. 2A
and 2B). Subsequently, the algorithm's role in predicting the response of patients with melanoma to anti-
PD1 immunotherapy was evaluated. The results showed that the AUC of the dMMR algorithm in the
training and validation datasets was 0.615 and 0.473, respectively (Fig. 2C and 2D). The ROC curve
analysis showed that the AUC of the PDL1 expression in the training and validation datasets was 0.606
and 0.538, respectively (Fig. 2E and 2F). The accuracy of the aforementioned common predictive
indicators was lower than that of the constructed model, which showed that the model had certain
advantages and value in predicting the response of immunotherapy.

Correlation between the anti-PD1 immunotherapy response
prediction model and tumor microenvironment
The tumor microenvironment is mainly composed of stromal cells and recruited immune cells. We used
the "estimate" algorithm to estimate the number of immune and matrix components in the melanoma
samples. We used the Wilcoxon test to perform differential expression analysis so as to reveal the
correlation between the ratio of matrix and immune components in tumor samples and the score of
immunotherapy response. The results showed that samples with a higher immunotherapy response score
had a lower matrix score (P = 0.019) and a lower immune score (P < 0.001) (Fig. 3A and 3B). This
indicated that tumor samples that were more sensitive to anti-PD1 immunotherapy had higher levels of
stromal and immune components.

Subsequently, we performed GSEA on melanoma samples from the groups with high (n = 66) and low (n 
= 67) immunotherapy response scores (Fig. 3C, 3D, 3E and 3F). The results showed that melanomas in
the low-score group were signi�cantly enriched in the biological processes of allograft rejection, antigen
binding, B-cell receptor signaling pathway, interleukin 4 production, T-cell selection, dendritic cell pathway,
Th1/Th2 pathway, and natural killer T cells pathway. Obviously, the lower the anti-PD1 immunotherapy
score, the better the immunotherapy effect. This phenomenon might be attributed to the activation of part
of the tumor's immune function.

To reveal the correlation between immunotherapy response score and TICs, we used the CIBERSORT
algorithm to analyze the proportion of in�ltrating immune subpopulations in melanoma tissues and
constructed the expression pro�les of 22 immune cells in these samples (Fig. 4A). We explored the
relationship between immune cells using Pearson correlation analysis (Fig. 4B). Next, we assessed
whether a difference existed in the expression of immune cells between the high and low scores of
immunotherapy responses. The analysis showed differences in the naive B cells, CD8 + T cells,
gamma/delta T cells, monocytes, and plasma cells in the samples of patients with melanoma between
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the high- and low-score groups of anti-PD1 immunotherapy response (P < 0.05) (Fig. 4C). As shown in the
previous correlation analysis of immune cells, CD8 + T cells and gamma/delta T cells were positively
correlated. Subsequently, we discussed the expression characteristics of common immune checkpoint
genes based on the high and low scores of immunotherapy responses. We found that most immune
checkpoint genes were highly expressed in patients with melanoma in the low-score group (P < 0.05) (Fig.
4D). This indicated that the more sensitive the patient's anti-PD1 immunotherapy, the higher the
expression of immune checkpoint genes.

Value of immunotherapy response scores in other tumors
based on the model
Although our model played a signi�cant role in predicting the response of patients with melanoma to
anti-PD1 immunotherapy, whether this model was applicable to other tumors was not clear. We obtained
the renal cell carcinoma dataset GSE67501 containing anti-PD1 immunotherapy response information
from the GEO database to disclose the role of this model in other tumors. We scored the immunotherapy
response to renal cell carcinoma based on the established model algorithm. The ROC curve analysis
showed that the AUC of the immunotherapy response score in this dataset was 0.679 (Fig. 4E). Despite
no signi�cant difference in the immunotherapy scores between the actual immunotherapy response–
sensitive and insensitive groups, the immunotherapy response scores in the immunotherapy-sensitive
groups showed a lower trend, which was consistent with our previous results (Fig. 4F). This suggested
that our model played a role in predicting renal cell carcinoma immunotherapy response, which provided
a reference for selecting immunotherapy options for patients with renal cell carcinoma.

Discussion
Melanoma is one of the most aggressive malignant tumors, and its incidence has increased signi�cantly
over the past decade[14]. Despite the remarkable progress made in treating melanoma in recent years,
most patients with metastatic melanoma cannot be cured. A large proportion of patients do not respond
well to immunotherapy or have serious adverse reactions[11]. Obviously, the existing indicators that re�ect
the response of immunotherapy are not enough to cope with the clinical decision-making of patients.
Therefore, an accurate and feasible immunotherapy response prediction model needs to be established.
Establishing various tumor large-scale databases and developing current omics technology provide
theoretical and technical support for establishing immunotherapy response prediction models based on
gene expression values[15, 16].

In this study, we used the RNA sequencing data of samples from the anti-PD1 immunotherapy response
group and nonresponse group to perform differential expression analysis and obtained 1097 upregulated
genes and 777 downregulated genes. Subsequently, the dataset was randomly divided into training and
validation datasets. The immunotherapy response score prediction model based on the training dataset
containing multiple genetic variables (PTPDC1, SDCCAG8, PPAN, STK40, and SNORD16) was
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constructed using the "glmnet" package and veri�ed in the validation dataset. The results showed that the
AUC value of the immunotherapy response score prediction models of the training and validation
datasets was 0.9717 and 0.7967, respectively. Next, we compared the model with the current common
immunotherapy predictors. The AUC value of PDL1 expression in the training and validation datasets
was 0.606 and 0.538, respectively. The AUC values of PD1 expression in the training and validation
datasets was 0.726 and 0.595, respectively. The AUC value of the dMMR algorithm in the training and
validation datasets was 0.615 and 0.473, respectively. This demonstrated that the model showed certain
advantages in predicting the response to immunotherapy. In addition, we found that tumor samples with
better response to anti-PD1 immunotherapy had higher levels of stromal and immune components. The
GSEA analysis indicated that the obvious immunotherapeutic effect might be due to the activation of part
of the tumor immune function. We assessed the correlation between the model and TICs and common
immune checkpoint genes. The results suggested that some immune cells and immune checkpoint genes
were different between the high and low immunotherapy response scores. Finally, we evaluated the role
of this model in predicting immunotherapy response in the renal cell carcinoma dataset. The AUC value
of the immunotherapy response score of this dataset was 0.679, which re�ected the contribution of this
model in predicting the renal cell carcinoma immunotherapy response.

In fact, the genes involved in this model have important biological signi�cance, especially in tumor
transformation and malignant progression. The protein encoded by the PTPDC1 gene is a cell cycle–
related phosphatase involved in centrosome replication and cytoplasmic division[17]. The SDCCAG8 gene
is a centrosome protein related to nephronophthisis-related ciliopathies, which is expressed in kidney and
lung epithelial cells. This gene is involved in the S phase of the cell cycle, and its deletion can lead to
abnormal activation of the DNA damage response related to replication stress[18]. In addition, studies
have shown that SDCCAG8 is related to cell proliferation, migration, and invasion of head and neck
squamous cell carcinoma[19]. The PPAN gene was originally discovered in the screening of mutants with
growth defects in Drosophila. The protein encoded by this gene belongs to the conserved Brix domain
protein family[20]. The PPAN protein exists in the nucleolus and is linked to ribosome biogenesis. In
addition, the PPAN protein also exists in mitochondria, and the knockdown of the PPAN gene can trigger
p53-independent mitochondrial apoptosis and nucleolar stress[21]. In 2003, STK40 was identi�ed as a
new SINK-homologous serine/threonine protein kinase, which could inhibit TNF-induced NF-κB
activation[22]. Maubant et al. believed that STK40 was highly expressed in triple-negative breast cancers
(TNBCs). STK40 depletion induces the apoptosis of TNBC cells, leading to tumor cell proliferation and
clonal formation[23]. In addition, STK40 can participate in the activation of the MAPK/ extracellular signal-
regulated kinase pathway and interact with the E3 ubiquitin ligase constitutive photomorphogenic protein
1[24–26]. SNORD16 is highly expressed in colon cancer and can promote the growth, proliferation,
migration, and invasion of colon cancer cells. The expression of SNORD16 is an independent prognostic
factor, and patients with high expression usually have a worse prognosis[27].

Our study also had some limitations. First, not many tumor samples contained immunotherapy response
information in the shared database. Therefore, it is necessary to further expand the sample size for full
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veri�cation. Second, our study was based on transcriptome data, and the transcription level is not exactly
the same as the protein level. Third, transcriptome data mainly contains protein-coding genes, but the role
of noncoding RNA in tumors cannot be ignored[28]. Finally, the study lacked detailed mechanistic
research. These limitations will be resolved in future studies.

Conclusions
In conclusion, we established an anti-PD1 immunotherapy response score prediction model for patients
with melanoma. The model showed good predictive power and helped to identify people who bene�t
from anti-PD1 immunotherapy to improve the prognosis.

Methods

Materials and Methods

Data source
The melanoma transcriptome datasets (GSE78220 and GSE91061) and the renal cell carcinoma
transcriptome dataset (GSE67501) containing anti-PD1 immunotherapy response information from the
GEO database were obtained. In the GSE78220 dataset, 15 samples responded to anti-PD1
immunotherapy (complete response (CR)/partial response (PR)) and 13 samples did not respond
(progressed disease (PD)/stable disease (SD)). In the GSE91061 dataset, 23 samples responded to anti-
PD1 immunotherapy (CR/PR) and 82 samples did not respond (PD/SD). In the GSE67501 dataset, 4
samples responded to anti-PD1 immunotherapy (CR/PR) and 7 samples did not respond (PD/SD).

Statistical analysis
We used the "ComBat" package to perform batch calibration and merged the two datasets (GSE78220
and GSE91061) into a new dataset. Differentially expressed genes of the new dataset were obtained by
performing differential expression analysis using the "limma" package (P < 0.05; |log(Fold change)| > 1).
We presented differentially expressed genes in the form of heat maps using the "pheatmap" package. The
Wilcoxon test was used to analyze the differences between the two groups. We used the "caret" package
to randomly divide the new data set into training and validation data sets according to the ratio of the
number of samples to 6:4 for constructing and verifying the immunotherapy response prediction model.
Lasso regression and cross-validation were performed using the "glmnet" package to construct a binary
logistic regression model for predicting the response of patients with melanoma with anti-PD1
immunotherapy. We used the "pROC" package to perform receiver operating characteristic (ROC) curve
analysis so as to evaluate the effectiveness of the model and related indicators. Principal component
analysis (PCA) was performed using the "factoextra" package to achieve the purpose of comprehensive
evaluation.
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We used the "estimate" package to estimate the immune component and matrix component contents of
all samples in the tumor microenvironment in the entire dataset. Gene set enrichment analysis (GSEA)
was used to illustrate the biological process of enrichment of differentially expressed genes between the
high– and low–response score groups. Kyoto Encyclopedia of Genes and Genomes (KEGG), Gene
ontology (GO), Biocarta, and Hallmark were downloaded from the MSigDB database as the reference
gene sets for GSEA analysis. Only enrichment pathways with NOM P < 0.05 were considered meaningful.
The CIBERSORT algorithm was used to estimate the abundance of tumor-in�ltrating immune cells (TICs)
in tumor samples; only tumor samples with P < 0.05 were selected. The correlation between TICs was
assessed by Pearson correlation. A P value < 0.05 indicated a statistically signi�cant difference. All
statistical analyses were performed using the R language.
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Tables
Due to technical limitations, tables are only available as a download in the Supplemental Files section.

Figures

Figure 1
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Construction and evaluation of the predictive model of anti-PD1 immunotherapy response in patients
with melanoma. (A) Top 100 differentially expressed genes in a merged dataset. (B) Key genes obtained
by performing Lasso regression and cross-validation. (C-D) The relationship between the actual
immunotherapy response of tumor samples and the immunotherapy response score in the training and
validation datasets. (E) The AUC of the immunotherapy response score prediction model based on the
training and validation datasets.

Figure 2
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The accuracy of common predictors of immunotherapy e�cacy in patients with melanoma. (A-B)
Comprehensive evaluation of genes related to DNA mismatch repair in the training and validation
datasets by PCA. (C-D) The AUC of the dMMR algorithm in the training and validation datasets. (E-F) The
AUC of the PDL1 expression in the training and validation datasets.

Figure 3
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Alterations of immune and matrix components and signaling in high- and low-score groups. (A-B)
Correlation between the ratio of matrix and immune components in tumor samples and the score of
immunotherapy response. (C-F) Alterations of signaling in high- and low-score groups.

Figure 4

Correlation between the score of immunotherapy response and tumor microenvironment. (A) Expression
pro�les of 22 immune cells in melanoma tissues. (B) Correlation analysis of immune cells in melanoma
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tissues. (C) Difference existed in the expression of immune cells between the high and low scores of
immunotherapy responses. (D) Differences in the expression of common immune checkpoint genes
between the high and low scores of immunotherapy responses. (E) The AUC of the immunotherapy
response score in the renal cell carcinoma dataset GSE67501. (F) Difference in the immunotherapy
response score between the immunotherapy response group and the nonresponse group.
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