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Abstract 27 

Cancer remains a leading cause of mortality globally. Recent improvements in survival have been 28 

facilitated by the development of less toxic immunotherapies; however, identifying targets for 29 

immunotherapies remains a challenge in the field. To address this challenge, we developed 30 

IMMUNOTAR, a computational tool that systematically prioritizes and identifies candidate 31 

immunotherapeutic targets. IMMUNOTAR integrates user-provided RNA-sequencing or proteomics data 32 

with quantitative features extracted from publicly available databases based on predefined optimal 33 

immunotherapeutic target criteria and quantitatively prioritizes potential surface protein targets. We 34 

demonstrate the utility and flexibility of IMMUNOTAR using three distinct datasets, validating its 35 

effectiveness in identifying both known and new potential immunotherapeutic targets within the analyzed 36 

cancer phenotypes. Overall, IMMUNOTAR enables the compilation of data from multiple sources into a 37 

unified platform, allowing users to simultaneously evaluate surface proteins across diverse criteria. By 38 

streamlining target identification, IMMUNOTAR empowers researchers to efficiently allocate resources 39 

and accelerate immunotherapy development.  40 

.CC-BY 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted June 6, 2024. ; https://doi.org/10.1101/2024.06.04.597422doi: bioRxiv preprint 

https://doi.org/10.1101/2024.06.04.597422
http://creativecommons.org/licenses/by/4.0/


IMMUNOTAR    Shraim et al. 

 3 

Introduction 41 

 42 

In the last decade, more targeted and less toxic cancer therapies have gained prominence in cancer 43 

treatment [1]. Immunotherapy specifically has revolutionized cancer treatment by leveraging an 44 

individual's immune system to combat cancer cells through natural mechanisms that are impeded during 45 

disease progression [2, 3]. Several types of immunotherapies have shown success in cancer treatments 46 

such as immune checkpoint inhibitors (ICIs), which have shown remarkable effectiveness in tumors with 47 

a high mutational burden such as melanoma and lung cancers; however, ICIs remain ineffective in most 48 

low mutational burden cancers such as childhood malignancies [4]. Immunotherapies that engage T-49 

lymphocytes, including chimeric antigen receptor (CAR) T-cell therapy, on the other hand, have shown 50 

notable efficacy and durable responses in hematological cancers for both pediatric and adult patients 51 

and are beginning to show signs of efficacy in solid tumors [5-7]. Antibody drug conjugates (ADCs), a 52 

type of monoclonal antibody immunotherapy that delivers cytotoxic drugs directly to the tumor, have 53 

proven efficacy in hematological tumors and in solid tumors, with a few already gaining FDA approval 54 

and many more in the clinical development pipeline [7].  55 

 56 

Development of successful immunotherapies such as CAR-T cell therapy and ADCs involve identifying 57 

cancer-specific proteins to target. These proteins are traditionally surface proteins that arise from the 58 

accumulation of genetic or epigenetic aberrations which lead to expression of proteins that are either not 59 

found on normal tissue, or are present at elevated levels on tumor cells and very low levels on healthy 60 

cells, or are only present on germ and tumor cells [6, 8, 9]. Technologies such as RNA-sequencing and 61 

mass spectrometry have been employed to explore the landscape of cell surface protein expression of 62 

cancers to identify these tumor-specific proteins [10-13].   63 

 64 

Several criteria exist for an ideal surface protein immunotherapeutic target including high and 65 

homogeneous expression in cancer, minimal expression in normal healthy tissues, robust confidence in 66 
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surface protein localization and functional relevance to the tumor [8, 14]. Protein glycosylation is another 67 

factor to consider when selecting targets, as glycosylation patterns can be altered in cancer cells, leading 68 

to the presentation of cancer-specific epitopes [15]. While publicly available databases allow investigation 69 

of these “ideal” surface protein characteristics, no tool currently enables users to query multiple 70 

databases simultaneously and systematically evaluate a protein's suitability as an immunotherapeutic 71 

target. 72 

 73 

To address the urgent need to identify surface protein targets for therapeutic development, we developed 74 

IMMUNOTAR, a tool designed to handle user-provided cancer RNA or proteomic expression datasets, 75 

query each cancer protein across multiple public databases that tackle some of the criteria for an “ideal” 76 

therapeutic protein, and produce a score that quantitatively evaluates each protein as a potential 77 

immunotherapeutic candidate.  78 

 79 

Results  80 
 81 

Overview of IMMUNOTAR  82 

IMMUNOTAR is a tool developed in the R programming language and is designed to integrate user-83 

provided proteomic or RNA-sequencing expression datasets with publicly available databases. The goal 84 

of IMMUNOTAR is to assign scores to proteins representing their predicted suitability as an 85 

immunotherapeutic target. We equipped IMMUNOTAR with both adult-derived and pediatric-specific 86 

databases to aid the development of immunotherapy in childhood cancers as well as adult cancers. The 87 

databases included within IMMUNOTAR are selected to tackle the ideal immunotherapeutic target criteria 88 

and can be divided into four categories: normal tissue expression, protein localization, biological 89 

annotation, and reagent/therapeutic availability (Fig. 1A) (Supplemental Table S1). For normal tissue 90 

expression we included adult-derived RNA-sequencing data from the Genotype-Tissue Expression 91 

(GTEx) and pediatric-derived RNA-sequencing data from the Evo-Devo Mammalian organs (Evo-Devo) 92 
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project [16, 17]. Acknowledging potential disparities between RNA expression and protein abundance, 93 

we also incorporated proteomics data derived from adult-normal human tissues generated by Jiang and 94 

colleagues [18]. For protein localization information, we included data from Compiled Interactive 95 

Resource for Extracellular and Surface Studies (CIRFESS), COMPARTMENTS, and UniProt [19-21]. To 96 

gain deeper insights into the biological roles of protein targets, data from the DepMap project and Gene 97 

Ontology (GO) were added [22, 23]. Identifying novel immunotherapeutic targets is inherently challenging 98 

due to the high possibility of poor or non-existent reagents, as highlighted in other studies [12]. To address 99 

this, we have incorporated data from the Therapeutic Target Database (TTD), the Database of Antibody-100 

drug Conjugates (ADCdb), and the National Cancer Institute (NCI) relevant Pediatric Molecular Targets 101 

List (PMTL) https://moleculartargets.ccdi.cancer.gov/mtp-pmtl-docs), which helps users determine if the 102 

targets they are interested in have been identified and validated in other disease phenotypes [24, 25]. 103 

This integration facilitates the prioritization of targets with established reagents, enhancing the potential 104 

for successful validation and development.  105 

 106 

IMMUNOTAR analyzes a dataset (project) in 3 main steps: (1) Generating a gene-by-features data 107 

matrix, (2) Applying project analysis parameters to the data-matrix, and (3) Calculating the IMMUNOTAR 108 

gene score and evaluating how the algorithm performed in prioritizing targets. Project analysis 109 

parameters are customizable as IMMUNOTAR is designed to accept user-input for the parameters using 110 

a project parameters file (Supplemental File S1). 111 

 112 

Step one of the analyses involves extracting summary features for each gene in the expression dataset 113 

that is provided by the user and enriching with quantitative features from the public databases that are 114 

incorporated within IMMUNOTAR (Fig. 1B) (Supplemental Table S2). The output from step one is a 115 

genes-by-features data-matrix (Fig. 1C). The user has the flexibility to select the summarization and 116 

enrichment database features that they desire to include in the genes-by-features data-matrix within the 117 

project analysis parameters file, with the default being to include all.  118 
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 119 

In step two, IMMUNOTAR applies additional project analysis parameters to the genes-by-features data-120 

matrix. Initially, IMMUNOTAR will rescale and fill in any missing values for all features in the data-matrix 121 

(Fig. 1C). Next, IMMUNOTAR applies a curving parameter as a form of a non-linear normalization of the 122 

feature values. Feature-specific weights are then applied to produce the final feature value. The user can 123 

customize the parameter values associated with each of the features using the project analysis 124 

parameters file. Assigning different weights, curving, and scaling of feature values ensures that some 125 

features contribute more significantly to the final score of the gene in comparison to others.  126 

 127 

The last step in any analysis is calculating the score for each gene using the weighted average of the 128 

final feature values (Fig. 1C). One of the outputs from IMMUNOTAR is a table that includes the feature 129 

values and the final score assigned to each gene. To evaluate IMMUNOTAR’s performance in prioritizing 130 

targets, the mean average precision score (MAP) is calculated and given as an output with the analysis 131 

(Fig. 2A). The MAP score indicates how effectively immunotherapy targets in the queried cancer 132 

phenotype that are either in-clinic or in-development (known-positive targets) are ranked within 133 

IMMUNOTAR. The user can designate the known-positive targets in the project analysis parameters file 134 

or alternatively, they can be extracted using the therapeutic drug databases incorporated within 135 

IMMUNOTAR. If the user extracts this information using the available drug-databases, targets that have 136 

drugs that have been discontinued will be considered “known-negatives” and the MAP score will be 137 

calculated with those targets in consideration (Fig. 2A).  138 

 139 

The curve and weight values influence the final feature values and thus the gene score and the MAP 140 

score of the algorithm. The weight and curving values can be assigned by users based on prior 141 

knowledge, though this can be somewhat subjective. To enhance the objectivity of these assignments, 142 

we have incorporated optimization methods within IMMUNOTAR, including supervised search, stochastic 143 

search, and non-linear optimization techniques (Fig. 2B). The goal of implementing these optimization 144 
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methods is to enhance the MAP score of IMMUNOTAR, allowing the identification of weight and curve 145 

parameter values that rank the known-positive targets at the top of prioritized lists.  146 

 147 

Validation and assessment approach 148 

Through this work, we assessed IMMUNOTAR using diverse cancer datasets (Fig. 2C). We 149 

systematically generated optimized analysis parameter values using a full proteome dataset that 150 

surveyed twelve pediatric cancer phenotypes with known-positive targets. During this process, we 151 

assessed the analysis parameter values by comparing the MAP scores of the algorithm when using the 152 

default versus the optimized parameter values. Next, we validated IMMUNOTAR’s methodology by 153 

identifying potential targets across three different cancer phenotypes and datasets: surface proteomics 154 

for Ewing Sarcoma (EwS), surface proteomics for Multiple Myeloma (MM), and full proteomics for 155 

neuroblastoma (NBL) [11, 12, 26].  156 

 157 

To evaluate IMMUNOTAR's ability to identify relevant immunotherapeutic targets, we compared the 158 

prioritized targets within IMMUNOTAR to those identified by other scoring workflows in EwS and MM. 159 

This comparison involved ranking assessments and performing Gene-Set Enrichment Analysis (GSEA), 160 

testing the effectiveness of IMMUNOTAR in target selection and benchmarking it against existing 161 

strategies in the field. Finally, we analyzed the top targets identified by IMMUNOTAR in EwS, MM, and 162 

NBL datasets to confirm its potential in pinpointing viable immunotherapeutic targets, demonstrating its 163 

utility across different cancer types and data sources. 164 

 165 

Optimization using a pediatric multi-cancer dataset increases IMMUNOTAR’s MAP score across 166 

cancer phenotypes 167 

The curving and the weight parameter values are crucial in calculating the final gene score in 168 

IMMUNOTAR. To identify optimized curve and weight values per feature, we utilized proteomic data from 169 

cell lines representing twelve pediatric cancer phenotypes with known-positive targets [18] (Fig. 3A). We 170 
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first applied the default project analysis parameters to each of the phenotypes (Supplemental File S2). 171 

Known-positive cell surface therapeutic targets were extracted from TTD and ADCdb (Supplemental 172 

Table S3).  173 

 174 

We implemented two optimization strategies, including a multi-cancer optimization approach, where 175 

weights and curves values are evaluated across multiple cancer phenotypes at the same time and a 176 

phenotype-specific optimization approach, where weight and curve feature values are optimized using a 177 

single phenotype (Fig. 3B). To identify features contributing positively to the MAP score, we applied 178 

sequential forward selection combined with Brent’s optimization, a feature was included only if it improved 179 

the MAP score by 0.1%, and after inclusion, a search for the local maximum using Brent’s method was 180 

conducted [27]. The resulting optimization parameter values were then further refined using the genetic 181 

algorithm method, with a sub-optimization of the top-scoring parameters in the population using Nelder-182 

Mead, only updating the weight or curve parameter values if it increased the MAP score by at least 0.1% 183 

[28, 29].  184 

 185 

In the multi-cancer optimization strategy, only nine of the forty total features were retained by the feature 186 

selection method to calculate the final gene score (Supplemental File S3). After multi-cancer 187 

optimization, the average MAP score across all twelve phenotypes increased significantly by a 27-fold 188 

change (p-value < 0.001) in comparison to the default parameters, with an increase in the MAP score 189 

observed for every phenotype at varying degrees (Fig. 3C). B cell non-Hodgkin’s Lymphoma and 190 

neuroblastoma exhibited the most significant increase in their MAP value post-optimization, reaching 191 

precision scores of 37% and 32%, respectively. 192 

 193 

Our phenotype-specific optimization strategy increased the MAP score within each phenotype even 194 

further in comparison to the multi-cancer optimization strategy (Fig. 3C). However, the phenotype-195 

specific optimization parameters did not perform as well as the multi-cancer optimization parameters 196 
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when applied to other phenotypes, showing that the average MAP score across phenotypes was the 197 

highest (14%) using the multi-cancer optimization parameter values (Fig. 3D).  198 

 199 

 200 

IMMUNOTAR validates known EwS immunotherapy targets and highlights CADM1 as a new 201 

potential target 202 

To test our optimization methodology and tool, we analyzed an EwS surface proteomics dataset from 203 

nineteen pediatric EwS patient-derived or cell line-derived xenograft models [12]. In the original 204 

publication, Mooney and colleagues filtered their data to 218 proteins within the generated surface and 205 

global proteome datasets based on protein localization criteria [12]. They prioritized and scored this 206 

subset using a custom, in-house workflow that is not fully automated, assigning a ranking score to their 207 

data and three public databases. Through their system they identified and validated novel targets 208 

including Ectonucleotide pyrophosphatase/-phosphodiesterase 1 (ENPP1) and Cadherin 11 (CDH11) 209 

[12]. 210 

 211 

Using IMMUNOTAR, phenotype-specific optimized weight and curve values were generated with the cell 212 

surface proteins prioritized by Mooney and colleagues as known-positive targets. The multi-cancer and 213 

phenotype-specific optimization parameter values were each applied and IMMUNOTAR results from both 214 

were compared. Using the multi-cancer optimization approach, ENPP1 and CDH11, validated novel 215 

targets by Mooney and colleagues, scored in the top 2% of targets (Fig. 4A) and using the phenotype-216 

specific prioritization parameters, IL1RAP, a previously validated target within EwS, ENPP1 and CDH11 217 

scored as the top three targets (Fig. 4B) (Supplemental Tables S4-S5). To compare scoring 218 

approaches, we completed a GSEA using three different subsets of targets (Supplemental Table S6). 219 

Using both the multi-cancer and phenotype-specific optimization parameters, IMMUNOTAR provided a 220 

significantly high enrichment score of 0.86 and 0.88 (p < 0.0001) for the prioritized targets, respectively 221 

(Fig. 4C).  222 
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 223 

Filtering the output to highlight surface proteins with restricted normal tissue expression, defined as less 224 

than the 20th percentile expression across all tissues measured by GTEx, IMMUNOTAR identified twenty-225 

one targets that were also prioritized by Mooney and colleagues in the top 5th scoring percentile (Fig. 4B) 226 

(Supplemental Table S7).  Notably, nine targets were identified within IMMUNOTAR that scored in the 227 

top scoring bracket, z-score > 1, in the Mooney et al. scoring scheme including netrin receptor DDC 228 

(DCC), cadherin family member 14 (FAT4) and UDP-glucuronosyltransferase-3A2 (UGT3A2) (Fig. 4B).   229 

 230 

A high scoring surface protein uniquely highlighted by IMMUNOTAR included cell adhesion molecule 1 231 

(CADM1). CADM1 is a member of an immunoglobulin superfamily and has been involved in various 232 

tumor types such as ovarian cancer, breast cancer and osteosarcoma [30, 31]. Protein expression of 233 

CADM1 in the surface-proteomics dataset is comparable to other know-positive targets highlighted by 234 

Mooney and colleagues in their work (Fig. 4D). Although CADM1 is expressed in some normal tissues 235 

(Supplemental Fig. S1), studies in osteosarcoma have reported minimal toxicity with a CADM1-targeted 236 

ADC in in-vivo studies [30]. In small-cell lung cancer, researchers have identified a single-chain variable 237 

fragment specific to CADM1 in this phenotype and have developed an antibody therapy targeting it [31].  238 

 239 

IMMUNOTAR validates ITGA4, ITGB7, and FLVCR1 as candidate immunotherapeutic targets in 240 

MM 241 

To verify the effectiveness of our multi-cancer optimization analysis parameters on phenotypes that were 242 

not initially included in IMMUNOTAR's optimization process, we utilized a surface proteomics dataset 243 

from MM cell lines developed by Ferguson and colleagues [11]. Within their work, the group developed 244 

a manual ranking system where they subjectively assigned points to each criterion extracted from their 245 

experiment data and four public databases to score their candidates. The approach identified C-C motif 246 

Chemokine Receptor 10 (CCR10) as a novel candidate immunotherapeutic target [11]. Preliminary 247 

testing of this target showed that CCR10 could be a promising target for MM with some healthy tissue 248 
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expression limitations [11]. They also highly ranked a second target, Thioredoxin Domain Containing 11 249 

(TXNDC11), noting that MM cells depend on TXNDC11 for proliferation in DepMap [22]. Their validation 250 

of TXNDC11 revealed that the protein was highly expressed in MM cell lines; however, it showed primarily 251 

intracellular localization and was considered a false-positive of their scoring system [11].  252 

 253 

Analyzing the MM surface proteomics data with IMMUNOTAR using the multi-cancer optimization 254 

parameters, CCR10 scored in the top 20 targets while TXNDC11 scored in the lower score quantiles, 255 

consistent with it representing a false positive in Ferguson et al. (Fig. 5A) (Supplemental Table S8). 256 

Completing a GSEA showed that IMMUNOTAR had a higher enrichment score in comparison to their 257 

scoring algorithm when looking at known-positive targets from TTD and ADCdb (Fig. 5B). Analyzing the 258 

proteins that scored in the top 2nd percentile, 13 out of 29 (44%) were identified in the literature as being 259 

relevant to MM, either as biomarkers of the disease, involved in pathways implicated in MM, or related to 260 

disease risk (Fig. 5C).  IMMUNOTAR ranked ITGA4 as the top scoring protein. ITGA4 has previously 261 

been implicated in myeloma cell homing, survival, and acquisition of cell-adhesion mediated drug 262 

resistance [32-35]. Another target within the top-ten was Integrin Subunit Beta7 (ITGB7), also known to 263 

enhance MM cell adhesion to bone-marrow stroma, migration, and invasion [36]. Clinically, expression 264 

of ITGB7 in MM is associated with poor survival outcomes post autologous stem cell transplantation [36]. 265 

The GTEx expression of ITGB7 is limited to expression in the blood (Fig. 4D). Feline Leukemia virus 266 

subgroup C receptor 1, FLVCR1, also in the top-ten scoring proteins, is a membrane heme exporter 267 

protein that has been reported to be possibly responsible for the poor prognosis associated with 1q32 268 

gain in MM patients [37].  269 

 270 

Phenotype-specific parameters validate known NBL immunotherapy targets and identify KCNH1 271 

as novel candidate target  272 

Finally, leveraging our expertise in NBL and utilizing a non-surface specific proteomics dataset, we 273 

applied IMMUNOTAR to cell-line based full proteome data that surveyed twenty-two NBL cell lines [26]. 274 
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We generated phenotype-specific optimization parameters using known-positive targets that have been 275 

explored in the literature or within our group including ALK, GPC2, CD267, L1CAM, NCAM1, and DLK1 276 

[13, 38-43]. Of note, DLK1 was not quantified in this NBL full proteome dataset and therefore was not 277 

evaluated. The multi-cancer optimization parameters achieved a MAP score of 32% (Supplemental 278 

Table S9). However, utilizing the phenotype-specific parameters improved the MAP score to 49%, 279 

ranking all known positives targets within the top 10th percentile of proteins scored (Supplemental Table 280 

S10). 281 

 282 

To identify new candidate immunotherapy targets in NBL, we focused on proteins with restricted 283 

expression in normal tissues, defined as less than 20th-percentile expression across all tissues measured 284 

by GTEx, leading to the identification of Potassium Voltage-Gated Channel Subfamily H Member 1 285 

(KCNH1) (Fig. 6A) (Supplemental Table S11). Protein abundance of KCNH1 was comparable to targets 286 

under development in neuroblastoma including NCAM1, L1CAM and CD276, and higher than other 287 

known immunotherapeutic targets such as ALK and GPC2 (Fig. 6B). KCNH1 encodes the Kv10.1 288 

potassium channel and is predominantly expressed in the brain but not in other normal tissues, as per 289 

GTEx data and Evo-devo dataset (Fig. 6C) (Supplemental Fig. S2). This restricted expression profile 290 

makes KCNH1 a good candidate for ADC development given that ADCs do not cross the blood-brain 291 

barrier, potentially avoiding off-target cytotoxic effects. KCNH1 overexpression has been implicated in 292 

cancer cell proliferation and tumor growth in cervical carcinoma and other soft tissue sarcomas [44, 45].  293 

 294 

Discussion  295 

We present IMMUNOTAR, a tool designed to identify potential cell surface proteins for cancer 296 

immunotherapy development. IMMUNOTAR analyzes user-provided cancer RNA and proteomic 297 

datasets, integrating these with generated quantitative features from several public databases including, 298 

GTEx, Evo-Devo, CIRFESS, COMPARTMENTS, UniProt, DepMap, and GO. This integration allows 299 

users to perform comprehensive quantitative evaluation of potential targets without individually accessing 300 
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each database. Additionally, IMMUNOTAR includes drug databases like TTD, ADCdb, and PMTL, 301 

enabling users to identify existing therapies and reagents for the prioritized targets. This utility facilitates 302 

validation and translational research, highlighting IMMUNOTAR's bench-to-bedside potential.  303 

 304 

To provide optimized analysis parameter values for users, we used a multi-cancer cell-line proteomics 305 

dataset and implemented both multi-cancer and phenotype-specific optimization strategies. Our analysis 306 

revealed that while phenotype-specific parameters performed best on their respective phenotypes, multi-307 

cancer parameters offered broader applicability across different phenotypes. This suggests that multi-308 

cancer optimization parameters are reliable for initial analyses, especially for cancers with few or no 309 

known positive cell-surface protein targets. 310 

 311 

IMMUNOTAR was benchmarked against other scoring approaches which were effective but were not 312 

presented as tools available for use by the research community and lacked full automation and usability 313 

across various datasets. IMMUNOTAR successfully replicated the results of other groups. In MM, a 314 

cancer phenotype that had not been utilized to generate the optimized analysis parameters, 315 

IMMUNOTAR identified targets previously reported by other groups, confirming the applicability of our 316 

methodology and multi-cancer parameter values. Additionally, IMMUNOTAR identified novel potential 317 

targets in EwS and NBL, showcasing its ability to discover potential new therapeutic avenues. 318 

 319 

Despite these successes, IMMUNOTAR relies on user-provided RNA or proteomics datasets, which can 320 

be affected by data sparsity or contamination, impacting protein quantification and target prioritization. 321 

For example, DLK1 was not quantified in the full proteome data for NBL but was identified in other 322 

surface-protein datasets [13]. Additionally, in some analyses, researchers are confined to using cell line 323 

models, due to limited patient sample availability, which can misrepresent true protein tumor expression 324 

[46]. These discrepancies underscore the importance of high-quality, comprehensive datasets for 325 
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accurate target identification using IMMUNOTAR, as well as the necessity of validating findings on human 326 

samples. 327 

 328 

Although our optimization strategy provides a standardized method for determining feature weights and 329 

curves, it has its limitations. Some targets within the TTD and ADCdb are still undergoing development 330 

and may lack finalized efficacy and safety results, potentially leading to the prioritization of false positives. 331 

This could result in the inappropriate assignment of weight and curve values to features that do not truly 332 

reflect an "ideal" target. Conversely, ranking discontinued targets as "known-negative" may not always 333 

accurately represent their potential, as therapy failure could be due to factors unrelated to the target itself.  334 

 335 

In our analyses, we focus on using IMMUNOTAR to analyze surface proteomic data, as it provides a 336 

targeted quantification of surface proteins compared to RNA-sequencing and full-proteome data. Another 337 

promising technique is immunopeptidomics, a targeted mass-spectrometry approach that discovers 338 

noncanonical antigens, tumor antigens not derived from traditional protein-coding regions of the genome. 339 

These antigens can be tumor-specific and shared among patients, making them valuable for 340 

immunotherapy [47, 48]. As large-scale tumor and normal tissue immunopeptidomics become available, 341 

IMMUNOTAR could be extended to incorporate these datasets. Additionally, IMMUNOTAR could be 342 

extended to analyze short-read and long-read RNA-sequencing data for tumor-specific splice isoforms, 343 

as well as mass-spectrometry data for tumor-specific glycosylated proteins [49-51]. These enhancements 344 

would broaden the range of target selection, significantly improving IMMUNOTAR's ability to identify 345 

cancer-specific and novel immunotherapeutic targets. 346 

 347 

To increase the efficacy of immunotherapies and prevent cancer relapse and therapy resistance, 348 

researchers have explored designing immunotherapies that target multiple cancer-specific proteins (dual 349 

therapies) [52-54]. Dual targets can be expressed in different cell subsets, ensuring the therapy attacks 350 

all tumor cell subsets, or have opposite expression profiles in normal tissue, thereby decreasing on-target 351 
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off-tumor effects and reducing toxicity. While IMMUNOTAR currently includes the features necessary for 352 

identifying such targets, a function could be incorporated to enable the systematic identification of dual 353 

target pairs, facilitating the development of dual therapies [55]. Further extensions of IMMUNOTAR could 354 

incorporate tumor single-cell RNA-sequencing profiling databases, such as the Single-cell Pediatric 355 

Cancer Atlas (scPCA) [56]. This would ensure the expression of dual targets across all tumor cell 356 

subtypes or confirm that at least one of the dual targets is expressed across the tumor [55]. 357 

 358 

While some tools focus on identifying tumor-specific proteins through alternative splicing and cancer-359 

specific exons, IMMUNOTAR stands out for its ability to process both proteomics and RNA-sequencing 360 

data [57, 58]. Additionally, IMMUNOTAR integrates more public databases than existing tools, offering 361 

a comprehensive and quantitative evaluation to identify cancer-specific proteins. Overall, IMMUNOTAR 362 

fills a critical gap in the field by streamlining target identification, saving time and resources, and 363 

empowering researchers to focus on high-potential candidates for cancer immunotherapy development. 364 

 365 

Methods 366 

 367 

Enrichment databases included in IMMUNOTAR 368 

 369 

Healthy tissue expression  370 

An essential criterion for selecting a target is minimal to no expression in healthy tissues to mitigate on-371 

target off-tumor effects. To quantitatively define this criterion, RNA-sequencing data from the Genotype-372 

Tissue Expression (GTEx) database was incorporated [16]. The GTEx project conducted RNA-373 

sequencing on 17,382 samples from 948 donors, encompassing 54 non-diseased tissue types [21]. The 374 

majority of GTEx samples are derived from donors aged 20 years and above. TPM-normalized tissue 375 

and sample-level RNA-sequencing data were retrieved from the GTEx portal. As GTEx is primarily 376 

comprised of adult tissue samples, RNA-sequencing data from pediatric tissues, obtained through the 377 
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Evo-Devo Mammalian organs (Evo-Devo) project, was also included [17]. For both RNA-sequencing 378 

datasets, quantitative features were generated at both tissue and sample levels, resulting in a total of ten 379 

quantitative features per database. These features encompass the highest RNA expression value across 380 

tissues and individual samples, the count of tissue types and individual samples with expression > 10 381 

TPM/RPKM, and a normalized maximum expression feature adjusted to the sample count annotated to 382 

a specific tissue type within each database. The threshold of 10 TPM/RPKM represents the 90th 383 

percentile cut-off, designating samples/tissues exceeding this value as high expressing for the protein. 384 

Given that certain immunotherapies do not penetrate the blood-brain barrier, we extracted summary 385 

statistics both with and without brain samples included. Acknowledging potential disparities between RNA 386 

expression and protein abundance, we incorporated proteomics data derived from 201 samples 387 

representing 32 distinct normal human tissues generated by Jiang et al. [18]. The processed protein 388 

quantification file at both the sample and tissue levels from the publication was queried. We extracted 389 

the same features from this database as the healthy tissue RNA-sequencing databases; however, the 390 

threshold for high-expression varied based on the 90th percentile protein expression value.  391 

 392 

Protein localization  393 

While surface proteins play a crucial role as biological markers for diseases and therapeutic targets, their 394 

characterization is challenging due to their relatively low abundance, making it difficult to capture them 395 

using common sequencing or proteomics technologies [20]. To address this limitation, computational 396 

resources have emerged to aggregate and predict information, aiding researchers in defining protein 397 

localization. Among these databases, we have incorporated data from Compiled Interactive Resource for 398 

Extracellular and Surface Studies (CIRFESS) [20]. CIRFESS integrates various prediction strategies and 399 

annotations to assign a score to each protein based on the collected evidence supporting its classification 400 

as a surface protein, the confidence scores in CIRFESS range from 0-4. To broaden the list of surface 401 

proteins and leverage multiple protein localization databases, we also included data from the 402 

COMPARTMENTS database [19]. COMPARTMENTS utilizes available proteomics datasets and 403 
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publications to assign scores to proteins based on the confidence that a protein is located on the plasma 404 

membrane, with confidence scores ranging from 0-5. In the IMMUNOTAR data matrix, the confidence 405 

score assigned to each protein, was included from both COMPARTMENTS and CIRFESS. Additionally, 406 

the length of the extracellular component of proteins was included as a feature in the IMMUNOTAR data 407 

matrix. This length information was obtained from the UniProt Knowledgebase, a database providing 408 

protein sequences along with functional details [59]. 409 

 410 

Biological significance  411 

To gain deeper insights into the biological roles of protein targets in the queried cancer phenotype, gene 412 

dependency lists from the DepMap project were incorporated [22]. Within the DepMap project, a 413 

comprehensive genome-scale RNAi and CRISPR-Cas9 genetic perturbation screen was conducted to 414 

silence or knockout individual genes, identifying those genes that impact cell survival across 501 human 415 

cancer cell lines [22]. The DepMap database provides probability scores for genes in each of the 416 

surveyed cell lines. In the IMMUNOTAR data matrix, the quantitative feature included from DepMap is 417 

the probability score from the cell lines annotated to the cancer phenotype of interest. When there are 418 

multiple cell lines annotated to a single cancer phenotype, the user can decide if they want to average 419 

the probability across all cell lines or choose the maximum probability across all cell lines to populate the 420 

DepMap feature in the data matrix. Additionally, information from the Gene Ontology (GO) database was 421 

included to identify gene sets associated with pathways relevant to the cancer phenotype [23]. The 422 

quantitative feature for GO is binary, indicating whether the gene is present or not in the pathways of 423 

interest specified by the user. 424 

 425 

Reagent/therapeutic availability  426 

In the pursuit of identifying targets with established reagents specifically in pediatrics, the NCI relevant 427 

Pediatric Molecular Targets List (PMTL) was incorporated. This list aims to facilitate the development of 428 

safe and effective new drugs for pediatric cancer treatment (source: 429 
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https://moleculartargets.ccdi.cancer.gov/mtp-pmtl-docs). The quantitative feature included for this 430 

database is binary, indicating whether the gene is present in the PMTL. To broaden the search for targets 431 

with developed reagents beyond pediatrics, the Therapeutic Target Database (TTD) and The Database 432 

of Antibody-drug Conjugates (ADCdb) were included. TTD provides information on drugs associated with 433 

diseases, the mode of action of developed drugs, and the stage of testing for these drugs [60]. ADCdb is 434 

a database dedicated to listing antibody-drug conjugates, a class of immunotherapeutic drugs commonly 435 

used in cancer, that are approved or are in development and their associated disease [25]. This 436 

information from TTD and ADCdb enables researchers to explore repurposing already developed drugs, 437 

if applicable. The feature extracted from both the databases is a score associated with the phase of 438 

development of the drug in the disease of interest. The defined scores for each development phase are 439 

listed in Supplemental Table S12.  440 

 441 

IMMUNOTAR feature extraction   442 

 443 

User-input 444 

In its initial phase, IMMUNOTAR constructs a data matrix with the initial columns being summary features 445 

of the user-input cancer expression dataset described in Fig. 1B. Using the input expression dataset, 446 

IMMUNOTAR can calculate the number of samples exhibiting "low-expression" of a gene. The user has 447 

the flexibility to either set their own threshold of “low-expression” or apply the default, below the 20th 448 

percentile of expression. Similarly, IMMUNOTAR can summarize the number of samples with "high-449 

expression," allowing the user to set a cut-off for “high-expression” or apply the default, above the 80th 450 

percentile of expression. Finally, IMMUNOTAR can provide a summary of the number of samples 451 

expressing the gene without any cut-offs for expression. This approach yields five features representing 452 

the cancer-expression data. While the default is to include all these features in the data matrix, users can 453 

choose to exclude some of these features. Additionally, users can introduce their own experimental data 454 

summary, such as performing a differential expression analysis between experimental groups. In this 455 
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scenario, IMMUNOTAR utilizes all the columns in the user-provided dataset for the scoring matrix. 456 

Following the summarization of the cancer-expression dataset, the user has the option to rescale and 457 

handle missing values for the summarized data, employing methods detailed in Fig. 1C. If nothing is 458 

specified, the defaults for rescaling and missing values are applied to the dataset. 459 

 460 

Enrichment databases  461 

The subsequent step in the analysis focuses on enriching the scoring matrix with features from the public 462 

databases available within IMMUNOTAR. Users can choose specific databases for enrichment or default 463 

to enriching with all databases. For GO, DepMap, TTD, and ADCdb databases, additional user input for 464 

enrichment is required. To enrich with the GO dataset, users must list pathways of interest, allowing 465 

IMMUNOTAR to query related gene sets. For DepMap, TTD, and ADCdb enrichment, users need to feed 466 

in the cancer phenotype, enabling IMMUNOTAR to retrieve cancer-specific gene-dependency lists from 467 

the DepMap project and known targets for that cancer from TTD and ADCdb. Additional options for TTD 468 

and ADCdb enrichment include specifying the mode of action of the drug, limiting the search query to 469 

certain types of developed therapies. Mode-of-action categories can be found in Supplemental Table 470 

S13. Following enrichment, users can opt to rescale and fill in missing values for the enrichment features.  471 

 472 

Applying curves and weights  473 

To account for non-linearity of the feature values associated to scores, we included a curving factor that 474 

can be applied to each feature. The formula for curving the feature values is shown in Fig. 1C. This will 475 

allow the algorithm to better discriminate between values especially at the extreme ends of the scale and 476 

for the system to differentiate between subtle differences in the feature values. After applying curves, the 477 

user can also apply varying weights to each enrichment feature to highlight important features. The 478 

product sum of the curved feature value and weight for each gene is then calculated, generating the final 479 

gene prioritization score. 480 

 481 
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IMMUNOTAR evaluation and optimization  482 

 483 

MAP score  484 

When extracting targets from TTD and ADCdb, some targets are associated with discontinued drug 485 

status and are given a negative score. Within IMMUNOTAR, targets that have a negative score are 486 

considered “known-negatives” and targets that have positive scores are considered “known-positives”.  487 

The MAP score for a phenotype that has both these types of targets is calculated as shown in Fig. 2A. 488 

The MAP score of the algorithm serves as a valuable metric for assessing the algorithm's performance 489 

as well as providing an opportunity for optimizing the scoring parameters.  490 

 491 

Optimization 492 

The aim of this optimization is to identify features within the IMMUNOTAR scoring data matrix that 493 

characterize known-positive targets. While the optimization can only be applied to phenotypes with known 494 

or associated targets, once the parameters are generated, they can be applied to phenotypes lacking 495 

known or associated targets. We incorporate several mathematical methods for optimization, including 496 

Sequential Feature Selection (SFS), Genetic Algorithm (GA), Nelder-Mead (NM), and Brent’s Method 497 

(BM). SFS iteratively adds features to a model to improve its performance, effectively handling high-498 

dimensional data by ensuring the inclusion of the most informative features . GA utilize principles of 499 

natural selection to explore large and complex search spaces, making them ideal for heuristic 500 

optimization [28]. NM algorithm, a simplex-based technique, is particularly useful for nonlinear 501 

optimization problems as it does not require gradient information [61]. Lastly, BM is a robust and efficient 502 

iterative technique for numerical root-finding, combining bisection, secant method, and inverse quadratic 503 

interpolation for faster convergence. The NM and BM methods are implemented using the optim library 504 

within R (https://www.R-project.org). The GA method was implemented using the GA R library [28]. 505 

 506 

Datasets explored using IMMUNOTAR  507 
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 508 

Proteomic pediatric multi-cancer dataset and neuroblastoma (NBL) full proteome  509 

Our overall application of IMMUNOTAR in our work is summarized in Fig. 2C. Initially, we applied 510 

IMMUNOTAR using a proteomics dataset that surveyed 949 cancer cell lines across 28 tissue types, 511 

encompassing approximately 40 histologically diverse cancer types [18]. This dataset serves as a 512 

comprehensive proteomics resource, offering the opportunity to investigate proteomic profiles across a 513 

wide spectrum of cancer phenotypes. Gonçalves et. al. conducted mass spectrometry, generating full 514 

proteome data for each cell line. To ensure result consistency, three sets of technical duplicates were 515 

run for each cell line. In total, 8,498 proteins were quantified across the dataset, with a median of 5,237 516 

proteins quantified per cell line. 517 

 518 

Given our specific focus on pediatric cancers, we refined the dataset using available meta-data to include 519 

only pediatric cancer cell lines that each had at least three representative cell lines. The processed data, 520 

averaged across technical replicates and provided through supplementary files in their publication, 521 

served as the input for IMMUNOTAR. For our neuroblastoma (NBL) specific analysis, the NBL full 522 

proteome data from this dataset was utilized. The NBL data surveyed 22 pediatric NBL cell-lines.   523 

 524 

Pediatric Ewing sarcoma (EwS) surface proteomics 525 

To validate the efficacy of our pipeline and optimized parameters and to compare our prioritization 526 

algorithm to ones used by other groups, we utilized a more focused surface proteomics dataset recently 527 

published by Mooney et al. [12]. This dataset was derived from tissue samples obtained from pediatric 528 

ES patient-derived or cell line-derived xenograft models [16]. A total of 19 samples were analyzed in 529 

technical or biological duplicates, depending on sample availability. Across all samples in the surface 530 

proteomics dataset, a total of 3,357 proteins were quantified. Within the publication, the team curated a 531 

list of 218 proteins that they annotated to surface proteins based on protein localization databases 532 

SurfaceGenie and UniProt. Next, they implemented a custom scoring methodology that combines data 533 
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from their generated EwS specific surface and global proteome data, EwS RNA-sequencing data from 534 

the Pediatric Preclinical Testing Consortium (PPTC) and GTEx database to score the 218 proteins. This 535 

scoring methodology is not available as a tool to use for the research community. They identified novel 536 

potential candidates using this scoring mechanism that they proceeded to validate. For our methods, the 537 

processed proteomics data for each sample that was generated by the group and provided through the 538 

supplementary files of their publication was the input to IMMUNOTAR.  539 

 540 

Multiple Myeloma (MM) surface proteomics 541 

As a secondary analysis contributing to a cross-validation of our pipeline and optimized parameters in 542 

diverse experimental contexts and datasets, we applied our IMMUNOTAR pipeline to a surface 543 

proteomics dataset generated from MM cell lines by Ferguson et al. [11]. This dataset was derived from 544 

four multiple myeloma cell lines. The group ran technical duplicate or triplicate samples for each cell line 545 

for consistency of results. In total, 1,245 proteins were quantified in the surface proteomics cell line data. 546 

After quantification, the proteomics data was integrated with publicly available datasets including: RNA-547 

sequencing data for MM cell lines from the Cancer Cell Line Encyclopedia (CCLE), RNA-sequencing 548 

data for blood cells from the Human Blood Atlas, and RNA-sequencing data for normal tissue from GTEx. 549 

For surface protein localization they included the Compartments database. They extracted 5 quantitative 550 

features from these databases related to surface abundance and specificity for plasma cells to identify 551 

immunotherapeutic targets for MM [11]. For their scoring algorithm, they included all genes identified in 552 

the surface proteomics data and additionally genes identified in MM bulk RNA-sequencing data, thus 553 

evaluating around 33,000 candidates. Using their scoring algorithm, they identified novel MM specific 554 

therapeutic candidates that they moved forward to validate in the lab. For our methods, we utilized the 555 

quantified proteomics files from the supplementary data and ran it through IMMUNOTAR.  556 

 557 

Data Availability:  Data utilized in this study are publicly available and can be accessed as follows: The 558 

pan-cancer proteomics map protein intensity data and meta data were downloaded from 559 
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cellmodelpassports.sanger.ac.uk as referenced by the publication (PMID:35839778) [26]. The EwS 560 

surface proteomics data was downloaded from Supplementary Data S1 table and the scoring metric for 561 

this dataset was downloaded from Supplementary Data S3 (PMID: 37812652) [12]. The Multiple 562 

Myeloma surface proteomic data was downloaded from Supplementary Data 1 and the scoring metric for 563 

this dataset was downloaded from Supplementary Data 2 (PMID: 35840578) [11].  564 

 565 

Code Availability: IMMUNOTAR code is freely available on GitHub: 566 

https://github.com/sacanlab/immunotar 567 
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Figures  582 

 583 

 584 

Figure 1: IMMUNOTAR feature extraction and surface protein scoring scheme.  A) The pre-defined 585 

criteria for an ideal immunotherapeutic target. B) Summary of features extracted from the user-input 586 

expression dataset and the publicly available databases incorporated in IMMUNOTAR. C) The steps of 587 

analysis within IMMUNOTAR. The first step involves extracting quantitative features from the user input 588 

and the integrated databases to form a scoring data matrix. In the second step, IMMUNOTAR can rescale 589 

and handle missing values of the extracted features using the methods listed. After rescaling and 590 

handling missing values of the features, the user has the option of applying a curving function to the 591 

feature values. After curving the feature values, a weight parameter can be applied and the final score of 592 

each gene is calculated as the sum of the weighted-curved-features.  593 
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 595 

Figure 2: IMMUNOTAR evaluation, optimization, and validation datasets. A) The mean average 596 

precision (MAP) score is used to evaluate the performance of IMMUNOTAR. The MAP score depends 597 

on the known-positive and known-negative targets assigned to each phenotype and is calculated based 598 

on the ranking of those targets after running IMMUNOTAR. B) Optimization methods listed can be used 599 

to change the weights and curves of features. The goal of the optimization is to rank the known-positive 600 

targets higher in the results thus increasing the overall MAP score of the algorithm. C) Optimized 601 

parameters are generated using a multi-cancer proteomic dataset and applied to other datasets to 602 

validate the approach. Validation datasets include Ewing sarcoma surface proteomics, multiple myeloma 603 

surface proteomics, and neuroblastoma full proteome.   604 
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 605 

Figure 3: IMMUNOTAR optimization using pediatric pan-cancer expression data. A) The pediatric 606 

cancer phenotypes included in the optimization scheme, listing the number of cell lines and the number 607 

of known-positive surface protein targets extracted from the drug databases TTD and ADCdb 608 

(Supplemental Table S2). B) Optimization parameters were generated using two approaches, the first 609 

being a multi-cancer optimization approach and the second being a phenotype-specific optimization 610 

approach. C) Using the multi-cancer optimization parameters, the MAP score for each individual 611 

phenotype increased at varying levels within phenotypes. The phenotype-specific optimization approach 612 

increased the MAP score further for each phenotype. D) While the phenotype-specific parameters 613 

performed better on the phenotype itself, they did not perform as well on other phenotypes. Overall, the 614 

multi-cancer optimization parameters performed best across all phenotypes with an average MAP score 615 

of 14%.  616 
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 617 

Figure 4: Validation of IMMUNOTAR using EwS surface proteomics data. A) IMMUNOTAR results 618 

from the EwS surface proteomics data using the multi-cancer optimization parameter values. The labeled 619 

proteins include targets that are known within EwS and highlighted by Mooney and colleagues. The blue 620 

labeled targets are novel targets discovered by Mooney and colleagues. The purple dashed line 621 

represents the cut-off for the top 5% of proteins scored by IMMUNOTAR. B) Heatmap showing the top 622 

5% scored IMMUNOTAR targets after implementing a restricted normal-tissue expression filter within 623 

IMMUNOTAR. We marked targets that were prioritized by Mooney and colleagues scoring scheme and 624 

targets that were fed as known-positives in the IMMUNOTAR analysis. C) The GSEA enrichment scores 625 

comparing three sets of prioritized targets in EwS. The IMMUNOTAR scores of each target were 626 

compared to the target scores from the Mooney et al. scoring scheme. IMMUNOTAR outputs using both 627 

the multi-cancer optimization parameter values and the phenotype-specific optimization parameter 628 

values were compared to the Mooney et al. scoring scheme, separately.  *p-value <= 0.05. D) Protein 629 

quantification of CADM1 in EwS surface proteomics dataset showing comparable abundance to other 630 

EwS-specific known-positive targets. 631 
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 632 

 633 

Figure 5: Validation of IMMUNOTAR using MM surface-proteomics data. A) IMMUNOTAR results 634 

from the MM surface proteomics dataset using the multi-cancer optimization parameters. Labeled 635 

proteins are ones that were ranked in the top-three scoring brackets by Ferguson and colleagues. The 636 

purple dashed line represents the top 5% scoring targets. The blue labeled target was prioritized and 637 

validated by Ferguson et al. as a novel target for MM. The red labeled target, TXNDC11 is a prioritized 638 

protein that was a false-positive proved by functional validation. B) The top 5% scoring targets using 639 

IMMUNOTAR, marking targets prioritized in IMMUNOTAR and the top-three scoring brackets and targets 640 

that are known-positive targets per TTD and ADCdb. C) The GSEA enrichment scores comparing three 641 

sets of prioritized targets in MM. The IMMUNOTAR scores of each target were compared to the target 642 

scores from the Ferguson et al. scoring scheme.  *p-value <= 0.05. 643 
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 645 

Figure 6: IMMUNOTAR prioritized targets in NBL using full proteome data and phenotype-specific 646 

optimization parameters. A) Evaluating the top 5% scoring targets per IMMUNOTAR analysis after 647 

applying phenotype-specific parameters and the restrictive normal-tissue expression filter. Highlighting 648 

known, top-scoring target, ALK. B) Protein quantification of KCNH1 in full proteome dataset showing 649 

comparable abundance to other NBL-specific known-targets. C) Normal tissue expression per GTEx for 650 

KCNH1 reveals limited normal tissue expression, with some expression in healthy brain. Tissues with 651 

median expression ³ 5 TPM are labeled.  652 
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