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ABSTRACT
Immune checkpoint inhibitors (ICIs) have completely changed the therapeutic approach for tumor
patients. Immunotherapy has also produced much needed data about mutation, expression, and
prognosis, providing an unprecedented opportunity for discovering candidate drug targets and
screening for immunotherapy-relevant biomarkers. Although existing web tools enable biologists to
analyze the expression, mutation, and prognosis data on tumors, they are currently not able to carry
out data mining and mechanism analyses related to immune checkpoint therapy. Thus, we developed
our own web-based tool called Comprehensive Analysis on Multi-Omics of Immunotherapy in Pancancer (CAMOIP), in which we can screen prognostic markers and analyze the mechanisms involved
with markers and immunotherapy (more than 4000 patients). The analyses include survival analysis,
expression analysis, drug sensitivity analysis, mutational landscape, immune checkpoint analysis,
immune related signature analysis, immune cell analysis, immune gene analysis, immunogenicity
analysis and gene sets enrichment analysis (GSEA). This comprehensive analysis of biomarkers for
immunotherapy can be carried out by a click of CAMOIP, and the software should greatly encourage
the further development of immunotherapy. CAMOIP fills the gap between the big data of cancer
genomics based on immunotherapy and providing comprehensive information to users, helping to
release

the

value

of

current

ICI-treated

data

resources.

CAMOIP

can

be

found

https://www.camoip.net.
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INTRODUCTION
Immunotherapy has dramatically changed the way clinicians approach the treatment of cancer. The
introduction of immune checkpoint inhibitors (ICIs) has led to significant improvement in increasing
immune activity and killing tumor cells(1). However, there is an increasing amount of clinical evidence
that shows that only a small proportion of patients receive good clinical benefit in response to ICIs(2–
4). The exploration of biomarkers that can effectively distinguish immune responders from nonresponders and screen potential beneficiaries is important for predicting the effect of immunotherapy
and monitoring adverse immune related events(2).

In recent years, research on high-throughput sequencing of patients receiving ICIs treatment has
produced considerable RNA-sequencing and mutation data, which provides an unprecedented
opportunity

for

finding

candidate

drug

targets

and

screening

biomarkers

relevant

to

immunotherapy(5–13). Examples of this data include the following: Samstein and his colleagues
collected mutation data (via targeted sequencing) and clinical outcome data from pan-cancer patients
treated with ICIs(5); Prat et al. collected the prognostic and expression data of pan-cancer patients
after receiving PD-1 blockade(6); Rizvi et al. published a study on the association of high tumor
mutation burden (TMB) with better clinical outcomes in NSCLC patients after receiving ICIs(7); Hwang
and his colleagues published a study on NSCLC with therapeutic regimens of ICIs(8). In addition to
pan-cancer and lung cancer data, the number of retrospective studies on the response to ICIs by
melanomas is also considerable. For example, Allen et al. published clinical prognosis data and
mutation data via whole exome sequencing (WES) on melanomas treated with ICIs (Cytotoxic T
lymphocyte associate protein-4blockade)(9). In addition, Ulloa-Montoya et al.(10), Hugo et al.(11),
Auslander et al.(12) and Riaz et al.(13) have published relevant research on melanoma patients
receiving ICIs treatment and provided substantial clinical prognosis, mutation and/or expression data.

Although the rapid development of precision medicine such as immunotherapy based on ICIs has
changed the therapeutic approach to tumor patients, the identification of suitable ICI-relevant
biomarkers remains a challenge(5, 6, 14). Ideally, researchers would be able to utilize biomarkers to
predict the efficacy of ICIs through genome-wide sequencing and multi-omics analysis, building a
biomarker-based prediction model to comprehensively evaluate the tumor immune status of patients
and formulate an individualized and precise combined treatment strategy(5, 15–18). Several studies
support the potential value of biomarkers of ICIs, including those that have shown that: 1) the higher
the expression level of programmed cell death-ligand 1 (PD-L1) in tumor cells, known as the tumor
proportion score (TPS)(15), the higher the response rate to PD-L1 inhibitors(16); 2) the higher the
CD8+ tumor infiltrating lymphocytes (TILs) score, the higher the clinical benefit in response to
immunotherapy(17); 3) the expression level of the T cell infiltration gene expression profile was
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positively correlated with the clinical benefit of tumor immunotherapy(19); 4) the level of TMB was
strongly correlated with the objective response rate (ORR) of PD-1/PD-L1 inhibitors(5, 18), and TMB
level was positively correlated with the overall survival (OS) of immunotherapy patients(5). Despite
the breadth of research, the above markers have their limitations. For example, the lack of
standardization and consistency in PD-L1 detection methods, the heterogeneity of TMB in different
laboratories and platforms, and the evaluation of next generation sequencing (NGS) being based on
different panels(20–24). This suggests that the search for new biomarkers for predicting the efficacy
of immunotherapy is an urgent problem still to be solved in the field of immunotherapy.

Currently, Xena(25), cBioPortal (http://www.cbioportal.org/)(26), Human Protein Atlas portal (HPA)(27),
Expression Atlas(28), Gene Expression Profiling Interactive Analysis (GEPIA)(29), and GEPIA2(30)
provide many useful visualizations and tools for gene expression analysis. Although these web tools
are extremely valuable and widely used, they are unable to screen prognostic markers and provide
multi omic mechanism analysis for immunotherapy cohorts. None of the existing tools can screen for
predictive markers, nor provide survival analysis, GSEA, gene mutation map, expression analysis,
drug sensitivty analysis, immune checkpoint analysis, immune related signature analysis, immune cell
analysis, immune function gene analysis, and immunogenicity analysis for these cohorts. Based on
the above unresolved requirements, we developed Comprehensive Analysis on Multi-Omics of
Immunology in Pan-cancer (CAMOIP), a web-based tool that provides fast and customizable
solutions to complement the existing tools. CAMOIP can be found in https://www.camoip.net.

MATERIAL AND METHODS
Implementation
The CAMOIP website is free for all users, and no login is required to access all functions. It is built
with shiny R package(31), including ui.R, server.R and function.R. Server side and interactive data
processing is performed by R script. The data table of the CAMOIP web site is displayed by DT::
datatableoutput, which allows users to query, select, and download data. Images are then generated
by renderplot (Figure 1A) and can be downloaded in portable document format (PDF) and portable
network graphics (PNG) images. All the pictures in CAMOIP are based on R software (v.4.0).
In order to establish a clinical cohort representing patients receiving ICIs, we collected data from
cBioPortal(26) and Gene Expression Omnibus (GEO)(32). Since only one cohort with both mutation
data and expression data was available, we used TCGAbiolinks R package(33) to download RNA-seq
(raw count) with reference genome hg38 and mutation data measured by WES from the Genomic
Data Commons (GDC) data portal (https://gdc.cancer.gov/about-data/publications/pancanatlas)(34) to
further explore the relationship between selected biomarkers and cancer progression. After
standardizing the raw count, fragments per kilobase of exon model per million mapped fragments
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(FPKM) was obtained. In addition, mutation and drug sensitivity data of tumor cell lines were obtained
from the Genomics of Drug Sensitivity in Cancer (GDSC) database(35), with all data being stored on
the server in the form of R.data. All R packages were detailed in the Table S1.

The function of the CAMOIP web server is divided into seven main tabs (Figure 1B): KM plotter,
Expression, Drug Sensitivity, Mutational Landscape, Immune Infiltration, and immunity and GSEA. It
provides key interactive functions corresponding to survival analysis, drug sensitivity analysis of
tumor cells, an overview of gene mutation in patients, tumor immune microenvironment analysis,
tumor immunogenicity analysis and customizable GSEA mapping.

RESULTS
Home
CAMOIP provides a graphical interface that briefly introduces all clinical cohort information used in
this project (Figure 1C; Table S2). Users are able to find the sample number of the immunotherapy
cohort corresponding to each tumor in the body diagram provided by the interface.

Kaplan-Meier plotter
CAMOIP can be used for survival analysis according to either gene mutation level or gene expression
level (Figure 2).This function allows users to select a tumor type and perform survival analysis for
specific genes (grouped based on mutation or expression level) in either the immunotherapy or the
The Cancer Genome Atlas (TCGA) cohort. The mutation levels can be further divided into wildtype
(WT) and mutant (MT) based on all mutation; into WT and MT under non-synonymous mutation; into
alternation (Alter) and non-alternation (Non-Alter) under alternation status; into best critical point
group and the custom group proportion group at the expression level. For example, for OS based
survival analysis of the Miao cohort, users can select non-small cell lung cancer (NSCLC) to group
the WT and MT of the EGFR gene with mutation (Figure 2a) or with non-synonymous mutation
(Figure 2b). Also shown in Figure 2 is survival analysis of the Mariathasan cohort, in which users can
select bladder cancer (BC), for APC, under the optimal expression threshold (Figure 2C) or custom
grouping ratio (Figure 2D). In the Mariathasan cohort, users can also analyze the survival of BC after
grouping according to Alter and Non-Alter TP53 (Figure 2E). Figure 2F shows the results of a survival
analysis on WT and MT under non-synonymous mutation of TP53, in the TCGA-LUAD cohort
receiving conventional treatment. The p value in the survival analysis of CAMOIP is evaluated based
on a log rank test. The survival curve drawn by CAMOIP web tool also contains hazard ratio (HR)
values and a 95% confidence interval (CI) for Cox analysis. In addition, CAMOIP provides the option
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of modifying the parameter layout, such as color, font size (including horizontal and vertical coordinate
font and P value), plot width, and plot height.

GSEA
CAMOIP can perform GSEA on the expression data of different tumors according to the level of nonsynonymous gene mutation or alteration, an example of which is seen in Figure 3. Users can select
tumor type, specific gene and gene grouping type (mutation group: MT vs WT or gene alteration
group: Alter vs Non-Alter) for subsequent analysis, and obtain an analysis result table, which can be
downloaded in the form of a comma-separated values (CSV) (Figure 3A). Users can also select
visualization types according to the analysis result table, such as BP plot (Figure 3B), CC plot (Figure
3C), MF plot (Figure 3D), KEGG plot (Figure 3E), REATOME plot (Figure 3f), and Heatmap (Figure
3G). The Heatmap option visualizes the expression of genes in each sample according to the specific
gene set pathway. In this analysis, users can choose whether to display only the genes with a
statistical difference between the two groups (display all significant genes: Yes, all significant genes
or No, all genes), with red representing high gene expression, and blue representing low gene
expression.
Expression
Under this tab, the user can select tumor type and gene expression data for differential analysis and
visualization. For example, to analyze TP53 in the TCGA-LUAD cohort, the gene expression data was
divided into MT and WT groups according to the non-synonymous mutation types. Under this
grouping, the expression level of EGFR was tested by Mann Whitney U test and visualized by box
plot (Figure 3H). In addition to the differential analysis of single gene expression, users can also
perform a differential analysis on all expression data of each tumor type based on gene mutation
grouping (grouped by the Bayesian LIMMA test) and visualize the results as a volcano map (Figure
3I). In addition, users can customize the output by selecting the number of top-down differential genes
to label, by determining the threshold of logic and P values that defines differential genes, and by
changing drawing parameters such as color, font size (including ordinate font and label font), plot
width, and plot height.

Drug Sensitivity
With this function, users can select the tumor type and gene of interest and analyze the differences in
drug sensitivity. For example, users can select the GDSC-LUAD tumor cell line and compare the the
half maximal inhibitory concentration (IC50) value of the drug etoposide according to TP53 mutation
status (TP53-MT vs TP53-WT) (Figure 4A). According to the gene grouping (MT vs WT), the
difference in sensitivity to all drugs was analyzed, the results visualized as a box plot (plot tab). This
plot displays all drugs with statistical difference under grouping variables or a selected number of
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drugs with statistical difference (Figure 4B). The results of all drug sensitivity analyses are displayed
in the All-Drug U test tab and are available to download as a CSV (Figure 4C).

Mutation Landscape
This function allows users to display an overview of gene mutation under different mutations or
alterations groups. According to the specific tumor type and input of a specific gene, the user is able
to group the non-synonymous mutation status or change the status of the gene, and further compare
the difference in mutation frequency of other genes in the same cohort under the grouping variable.
For example, users can select the TCGA-LUAD cohort, and according to the non-synonymous
mutation status of TP53, divide the patients into TP53-MT and TP53-WT, allowing for analysis of a
specific number of top genes to be compared (Figure 4D). In addition, this function provides users
with a visual overview of mutations in the driver gene (Figure 4E). For example, users can select the
TCGA-LUAD cohort, and for the TP53-MT and TP53-WT groups, compare the difference in mutation
frequency and gene mutation type for a specific number of top driver genes (Figure 4F). Fisher's
exact test is used to obtain the p value of mutation frequency after comparison under grouping
variables, and either adjusted p value (BH method) or p value can be displayed. This function also
provides image modification parameters: such as color, font size (including ordinate font and label
font), plot width, and plot height.

Immune Infiltration
With this function, CAMOIP provides an opportunity for users to analyze changes over time in
immune cells, immune checkpoint molecules, immune related scores, and immune related genes. An
example is shown in Figure 5A, where the user has analyzed the difference in the relative proportion
of immune cells for the TCGA-LUAD cohort between different TP53 non-synonymous mutation states
(TP53-MT vs TP53-WT). Users can also compare the differences in expression level (Figure 5B),
immune related score (Figure 5C), and immune related genes (Figure 5D), as shown for the TP53-MT
and TP53-WT groups in the TCGA-LUAD cohort. Mann Whitney U test is used to calculate p values
for boxplots, and the Bayes LIMMA test for heat maps. Image modification parameters such as font
size, plot width, and plot height are displayed at the bottom of the right sidebar.

Immunogenicity
Immunogenicity is one of the most important factors influencing the response to immune checkpoint
therapy, and CAMOIP provides users with a simple way to analyze it. Users can select different
tumors and compare the TMB (Figure 5e), NAL (Figure 5F), and MANTIS scores (Figure 5g) of each.
Mann Whitney U test is used for the analysis, and the results are visualized as a box diagram.
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Availability of results
After the user submits their request, CAMOIP provides the user with vector images, bitmaps and
tables. The results provided by CAMOIP can be directly published by clicking the PNG and PDF
buttons below images to download the image file in the form of a PNG or PDF, and clicking CSV at
the bottom of tables to download the file in the form of a CSV. PDF image files can be further adjusted
in Adobe Illustrator. Examples are provided for each tab in the example page included with CAMOIP.

Documentation
The "Help" submenu under the "Doc" page provides the exact definition and explanation of all
parameters in each tab. The "Q & A” submenu under the "Doc" page lists common problems and
solutions that users may come across while using the CAMOIP web tool.

DISCUSSION
As an interactive web tool, CAMOIP mainly uses information from clinical and TCGA cohorts on
expression, mutation, and clinical prognosis data (for both immunotherapy and conventional
treatment). CAMOIP provides for biologists, without the need for programming technology or
expertise, the ability to screen for immune checkpoint therapy biomarkers as well as the mechanism
of the biomarkers associated with changes in the tumor immune microenvironment. In doing so, the
CAMOIP tool allows users to easily evaluate a gene mutation or change, such as whether a certain
gene expression level is related to the prognosis of tumor patients after receiving immune checkpoint
treatment, and to verify the correlation mechanism between immunotherapy biomarkers and
treatment response. For example, TP53 can be used as a biomarker for the prognosis of
immunotherapy cohort Samstein-BLCA, which can be easily investigated by users in CAMOIP(36). In
addition, users can find that ZFHX3 is associated with significantly longer OS time in the
immunotherapy cohort of Samstein-NSCLC(22). The CARD11 gene can also be quickly identified as
a gene significantly associated with the prognosis of skin cutaneous melanoma (SKCM) patients
receiving immunotherapy(37).

In addition to screening biomarkers for the prognosis of immunotherapy patients with different tumors,
users can also use the GSEA, expression, drug sensitivity, mutation landscape, immune infection,
and immunology tabs to explore the specific mechanism of the correlation between the selected
biomarkers and immunotherapy. At the same time, the custom drawing parameters of CAMOIP allow
users great freedom to customize the visual output, for example, by changing the color, changing the
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font size, changing the form of display for p values, modifying the plot height, and adjusting the image
width.

CAMOIP is a time-saving and intuitive web-based tool that provides users, especially biologists with
no background knowledge of computer programming, with a powerful tool for mining biomarkers and
exploring the follow-up mechanism of immunotherapy prognosis. With continuous user feedback and
further enhancement, CAMOIP has the potential to become an integral part of routine data analysis
for experimental biologists.
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TABLE AND FIGURES LEGENDS
Figure 1.
A. Schema describing data processing and data display for the CAMOIP visualization tool.
B. The Home tab provides users with the details of datasets including ICI-treated and TCGA cohorts.
C. The overview of the datasets in this study.
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Figure 2. The overall survival and progression-free survival analysis of genes of interest can be
displayed in the ‘Kaplan-Meier plotter’ tab.
The Kaplan-Meier curve shows the comparison of OS between EGFR-MT and EGFR-WT in the MiaoNSCLC cohort using somatic mutation (A) and somatic non-synonymous mutations (B).
The Kaplan-Meier curve shows the comparison of OS between APC-High and APC-Low grouped by
the best cutoff (C) or certain proportion (D) in the Mariathasan-Bladder Cancer cohort using
expression data.
E. The Kaplan-Meier curve shows the comparison of OS between TP53-Alter and TP53-Non-Alter in
the Mariathasan-Bladder Cancer cohort.
F. The Kaplan-Meier curve shows the comparison of OS between TP53-MT and TP53-WT in the
TCGA-LUAD cohort.
HR:hazard ratio; CI: 95% confidence interval; MT: mutant; WT: wildtype; Alter: alteration; Non-Alter:
non-alteration.
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Figure 3.
A. The result of the GSEA based on mutation type group (MT vs WT or Alter vs Non-Alter).
The plot of pathways based on the BP (B), CC (C), MF (D), KEGG (E), and Reactome (F).
G. Heatmap depicting the expression of genes of selected pathways in the GSEA between the MT
and WT of the gene. Red indicates up-regulation, while blue indicates down-regulation.
H. Comparison of gene expression between MT and WT tumors.
I. The volcano plot between MT and WT tumors.
GSEA: gene sets enrichment analysis; MT: mutant; WT: wildtype; Alter: alteration; Non-Alter: nonalteration; BP: biological process; CC: cellular component; MF: molecular function; KEGG: Kyoto
Encyclopedia of Genes and Genomes.
*: P < 0.05; **: P < 0.01; ***: P < 0.001; ****: P < 0.0001
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Figure 4
A. The comparison of the drug sensitivity (etoposide) between TP53-MT and TP53-WT in the GDSCLUAD.
B. The box plot shows the drugs with significant differences between the MT and WT groups.
C. The result of drugs with significant differences between the MT and WT groups.
D. The top mutated genes between TP53-MT and TP53-WT in the TCGA-LUAD cohort.
E. The top mutated driver genes between TP53-MT and TP53-WT in the TCGA-LUAD cohort.
F. The result of difference in mutation rate of driver genes between the MT and WT group.
MT: mutant; WT: wildtype.
*: P < 0.05; **: P < 0.01; ***: P < 0.001; ****: P < 0.0001
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Figure 5
Comparison of the proportion of immune cells (A) or the expression of the immune checkpoints (B) or
immune-related scores (C) or the expression of immune genes (D) between TP53-MT and TP53-WT
in the TCGA-LUAD cohort.
Comparison of the TMB (E) or NAL (F) or MANTIS score (G) between the MT and WT tumors.
TMB: tumor mutation burdern; NAL: neoantigen loads; MT: mutant; WT: wildtype; TCGA: The Cancer
Genome Atlas; LUAD: lung adenocarcinoma
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