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Immunopeptidomics-guided discovery and
characterization of neoantigens for personalized
cancer immunotherapy

Yangyang Cai't, Manyu Gong>t, Mengqian Zeng't, Feng Leng't, Dezhong Lv', Jiyu Guo?,
Hao Wang?, Yapeng Li%, Quan Lin®, Jing Jing®, Ying Zhang?*, Juan Xu'#, Yongsheng Li*">*

Neoantigens have emerged as ideal targets for personalized cancer immunotherapy. We depict the pan-cancer
peptide atlas by comprehensively collecting immunopeptidomics from 531 samples across 14 cancer and 29 nor-
mal tissues, and identify 389,165 canonical and 70,270 noncanonical peptides. We reveal that noncanonical pep-
tides exhibit comparable presentation levels as canonical peptides across cancer types. Tumor-specific peptides
exhibit significantly distinct biochemical characteristics compared with those observed in normal tissues. We fur-
ther propose an immunopeptidomic-guided machine learning-based neoantigen screening pipeline (MaNeo) to
prioritize neo-peptides as immunotherapy targets. Benchmark analysis reveals MaNeo results in the accurate
identification of shared and tumor-specific canonical and noncanonical neo-peptides. Last, we use MaNeo to de-
tect and validate three neo-peptides in cancer cell lines, which can effectively induce increased proliferation of
active T cells and T cell responses to kill cancer cells but not damage healthy cells. The pan-cancer peptide atlas
and proposed MaNeo pipeline hold great promise for the discovery of canonical and noncanonical neoantigens
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for cancer immunotherapies.

INTRODUCTION

Neoantigen-mediated cancer immunotherapies, such as T cell ther-
apy and vaccines, induce CD8" cytotoxic T cell responses to kill
tumor cells by recognizing human lymphocyte antigen (HLA)-
presented antigens (I, 2). Now, neoepitopes predominantly originate
from nonsynonymous mutations within the cancer genome. How-
ever, “cold” tumors are subject to a relatively low number of muta-
tions and a sparse occurrence of neoepitopes in patients with cancer,
often resulting in a lack of suitable therapeutic targets (3, 4). Accu-
mulating evidence suggests that immunogenic epitopes can also arise
from putative translation products of genomic noncoding regions
and from noncanonical translation, including untranslated regions
(UTRs) and alternative translations of protein-coding genes and non-
coding genes, which are called noncanonical epitopes (5). Noncanoni-
cal epitopes have the potential to drive antitumor immunity without
the risk of on-target off-tumor adverse effects, leading to a more pre-
cise and safer treatment strategy for patients with various types of
cancer (6, 7). Thus, noncanonical epitopes have emerged as promis-
ing immunotherapeutic targets.

Traditional proteomic techniques can identify peptides that
specifically occur in tumor tissues, accelerating the recognition
of tumor neoantigens. However, determining which peptides are
bound by major histocompatibility complex (MHC) molecules is
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not possible (8). Another commonly used approach relies on the
identification of HLA-bound peptides by immunoprecipitation from
the surface of cells and elution the bound peptides before mass
spectrometry (MS) (named the immunopeptidome) (9). In contrast
to traditional proteomes, the immunopeptidome provides the real-
time landscape of epitopes. In addition, current proteomics reduce
the potential search space to only peptides with either lysine or argi-
nine terminal residues (8), whereas immunopeptidome may have
any terminal residue. The immunopeptidome coupled with diverse
customized theoretical reference libraries has revealed the existence
of various MHC-bound epitopes derived from different alterations,
such as genomic variants, aberrantly expressed canonical tumor-
specific antigens, noncanonical translation, alternative splicing, and
defective ribosomal products (10-12). An immunopeptidome study
of mismatch repair-deficient colorectal cancer patients demonstrated
that neoantigens originating from noncoding regions were capable
of eliciting adaptive immune responses (13). We also characterized
the immunopeptidome landscape by integrating multi-omics data
in acute myeloid leukemia (AML) and identified both canonical and
noncanonical MHC-associated peptides (4). Immunopeptidome
analysis will help researchers accurately identify distinct classes of
tumor neoantigens with higher resolution and lower noise, which
is crucial for the development of personalized cancer immuno-
therapy (6).

Although several studies have been performed on nonmutated
neoantigens, the majority of methods that rank neoantigens rely
only on the expression levels of peptides or source genes on the basis
of RNA sequencing (RNA-seq) data from tumor samples and nor-
mal samples from the Genotype-Tissue Expression (GTEx) project
(14, 15). However, overwhelming evidence has demonstrated
that RNA-seq data cannot directly reveal translating open reading
frames (ORFs) and mimic the degradation of peptides in vivo (16, 17).
In addition, the antigenic repertoires from diverse samples exhibit
high heterogeneity (18). Heterogeneity is strongly influenced by
various factors, including the type of tumor, the genetic background
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of the host, and the tumor microenvironment. Consequently, the
identification and characterization of neoantigens require the inte-
gration of a comprehensive immunopeptidome and proteome from
patients with different tumors and healthy tissues.

To fill these gaps, we collected and reanalyzed the publicly avail-
able immunopeptidomic datasets encompassing 14 tumors and 29
normal tissues, against the reviewed protein sequences and custom-
ized libraries, which were constructed on the basis of nonredundant
canonical and noncanonical ORFs with “NTG” start codons from
the Ribosome profiling sequencing (Ribo-seq) data. We detected
389,165 canonical and 70,270 noncanonical peptides across cancer
types and normal tissues. The presentation levels of the canonical
and noncanonical peptides were comprehensively characterized.
Furthermore, we classified peptides into tumor and normal pep-
tides and examined their differences in various physical and chemical
properties. We next proposed MaNeo, a machine learning-based
pipeline for prioritizing neo-peptides as candidate immunotherapy
targets on the basis of various features of cancer. In total, 14 neo-
peptides were prioritized with MaNeo and the immunogenicities
of three neo-peptides were functionally validated in several cancer
cell lines. Orthogonal integration of available immunopeptidomics
data will help find and further prioritize neoantigens for personal-
ized cancer immunotherapy.

RESULTS
Immunopeptidomics mapping reveals noncanonical
peptides in cancer
To construct a comprehensive peptide atlas of cancer and normal
samples, we developed a pipeline to integrate publicly available im-
munopeptidome data from cancer, adjacent, and healthy normal
samples (fig. S1). In total, we constructed the tumor-normal peptide
atlas encompassed 308,703 peptides from 14 different cancer types
and 151,258 peptides from 29 normal tissues across 531 samples
from 43 datasets (Fig. 1A; fig. S2, A to C; and table S1). We found
that skin cutaneous melanoma (SKCM) was the cancer type with
the most abundant peptides, followed by meningioma (MG), ovar-
ian cancer (OV), and breast cancer (BRCA). There was no evident
association between the number of peptides and the number of
samples (fig. S2D; R = 0.34, P = 0.24). Next, the constructed tumor-
normal peptide atlas was exploited to prioritize neo-peptides in
cancer. We annotated the types of peptides according to the genome
regions, characterized differential features across diverse cancers
and tissue types, and further proposed a machine-learning model to
screen neo-peptides (Fig. 1B). Last, we developed an online web-
server (Immunogenic Search Engine, ISE) to help researchers pri-
oritize neo-peptides in cancer.

The constructed atlas spanned 107 HLA alleles, including 31 HLA-
A, 49 HLA-B, and 27 HLA-C alleles, which collectively covered
98.67,92.73, and 98.29% of the worldwide population, respective-
ly (fig. S2C). We found that different allele sets were highly coinci-
dent between tumor and normal samples (Fig. 1C). In addition,
the majority of alleles were found to be associated with diverse can-
cer types (fig. S2E). On the basis of pan-cancer mass spectrometry-
based immunopeptidome, we found that noncanonical peptides
originating from noncoding regions are processed and pre-
sented by HLA-I on the cell surface. In total, we identified 70,720
unique noncanonical peptides, which were derived mainly from
the translation of long noncoding RNAs (IncRNAs), 5" upstream
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open reading frames (WORFs) and 3’ dORFs (Fig. 1D), accounting
for approximately 15% of all HLA-presented peptides. Notably,
14% of the peptides were derived from out-of-frame regions of
protein-coding genes, suggesting that a canonical protein may not
be the unique translation product of an annotated coding sequence
(CDS). This result was consistent with previous observations that
tryptophan-associated accumulation of ribosomes could lead to
ribosomal frame shifting and generate out-of-frame peptides (19).
Although the majority of genes derived more canonical peptides,
683 genes were identified that can produce a greater number of
noncanonical peptides (Fig. 1E and table S2), including TPM1 and
its paralog TPM3, which stabilize the cytoskeleton and inhibit tu-
mor cell migration and invasion (20). We next selected the top 10
encoded-peptide genes from tumor and normal tissues and found
that each gene generated noncanonical peptides despite fewer than
canonical peptides. In addition, genes had a high degree of over-
lap across different tumor and normal tissues (fig. S3, A and B,
and table S3). These results suggest that numerous antigens in
tumor cells may be by-products of normal cellular proliferation,
limiting their potential as therapeutic cancer vaccines due to the
risk of side effects (7). Notably, among these genes, Protein Ki-
nase, DNA-Activated, Catalytic Polypeptide (PRKDC) is notably
prevalent across tumors and serves not only as a predictive bio-
marker but also as a drug target for immune checkpoint inhibi-
tors (21).

The expression levels of overlapping genes between tumor and
normal tissues were further characterized via the The Cancer Ge-
nome Atlas (TCGA) and GTEx datasets. Our analysis revealed that
these genes were expressed in distinct tissue types. Notably, the
expression of source genes could partially reflect the presence of
peptides in tissues because several genes are capable of encoding a
large number of peptides despite exhibiting low expression levels in
those tissues (fig. S3C). For example, titin gene (TTN) was highly
expressed in the GTEx RNA-seq data for heart and muscle tissues
(22); however, immunopeptidome analysis indicated that TTN not
only generated plenty of peptides in heart and muscle tissues
but also generated hundreds of peptides in the tongue and esoph-
agus (fig. S3D). Similarly, apolipoprotein B (APOB) was predom-
inantly expressed in the liver and rarely expressed in the lung
(23); however, it derived numerous peptides in both tissues (fig.
S3D). Furthermore, we expanded the findings to include entire
peptide-associated genes and retained those with transcripts per
million < 1 across all GTEx tissues. We found that most genes
could still derive peptides in normal tissues (fig. S4). These results
indicated that the immunopeptidome could effectively detect non-
canonical peptides that the RNA-seq data inadequately captured
the peptide presentation landscape across cancer and normal tis-
sues. In contrast, immunopeptidome analysis can directly identify
HLA-presented peptides with low RNA expression levels, particu-
larly noncanonical peptides.

Comparable presentation levels of canonical and
noncanonical peptides

Cancer antigens derived from noncoding genomic regions, which
have attracted increasing interest, represent the majority of targe-
table tumor-specific antigens capable of eliciting antitumor im-
mune responses (24, 25). Similar tissue distributions were observed
between noncanonical and canonical peptides across various tis-
sues (Fig. 2A). Each tissue contributes a unique set of peptides,
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Fig. 1. Overview of the HLA-presented tumor-normal immunopeptidome atlas. (A) Overview of the immunopeptidome cohort across the 14 cancer types and 29
normal tissues. AML: Acute myeloid leukemia, B-ALL: B cell acute lymphoblastic leukemia, T-ALL: T cell acute lymphoblastic leukemia, CLL: Chronic lymphocytic leukemia,
NHL: Non-Hodgkin's lymphoma, BRCA: Breast cancer, OV: Ovarian cancer, GBM: Glioblastoma, M.G.: Meningioma, NB: Neuroblastoma, COAD: Colon adenocarcinoma,
CCRCC: Clear cell renal carcinoma, SKCM: Skin cutaneous melanoma, NSCLC: Non-small cell lung cancer. (B) Workflow for the construction of tumor-normal immunopepti-
dome atlas. (C) Coverage of HLA-A, B, and C alleles among the worldwide population, respectively. (D) Number of peptides among diverse ORF types. (E) Number of gene-
encoded canonical and non-canonical peptides. C-like represents the gene deriving canonical peptides more than noncanonical ones. B-like represents the gene deriving
canonical peptides equal to noncanonical ones. N-like represents the gene deriving canonical peptides less than noncanonical ones. IncRNA, long noncoding RNA.

with sex organs being the largest contributor to unique sequences.
Furthermore, the brain, as the most complex and heterogeneous
tissue, exhibited more heterogeneity at the peptide level. A previous
study investigated the different spatial regions of gliomas in the
same sample and reported marked heterogeneity of tumor neoan-

tigens (26).
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Fig. 2. Comparison of distinct aspects of canonical and noncanonical peptides. (A) Accumulated unique canonical and non-canonical peptide distributions from
each tissue. (B) Comparison of the length distributions of the canonical and noncanonical peptides. (C) GRAVY is shown for the canonical (n = 389,165) and noncanonical
peptides (n = 70,270) with the Wilcoxon rank sum test. (D) Molecular weights of the peptides were compared via the Wilcoxon rank sum test (389,165 canonical versus
70,270 noncanonical peptides). (E) Usage tendency of different amino acids in canonical and noncanonical peptides. The orange color indicates that the amino acid is
enriched in noncanonical peptides, whereas the blue color indicates that the amino acid is enriched in canonical peptides. (F to H) Presentation levels between canonical
and noncanonical peptides are from (F) binding stability (HLA-A: 101,200 canonical versus 10,455 noncanonical, HLA-B: canonical: 102,232 versus 7235 noncanonical,
HLA-C: 163 canonical versus 7 noncanonical), (G) binding affinity (HLA-A: 160,290 canonical versus 17,459 noncanonical, HLA-B: canonical: 166,184 versus 12,116 nonca-
nonical, HLA-C: 71,012 canonical versus 5742 noncanonical) and (H) the relative rank of foreignness (TCR recognition probability homologous to known pathogen-

derived peptides in the IEDB) (149,130 canonical versus 24,852 noncanonical). Wilcoxon rank sum test was used to compare the differences between groups.

features of the canonical and noncanonical peptides, we next ana-
lyzed the amino acid composition (AAC) and known determinants
of immunogenicity. The noncanonical peptides presented signifi-
cantly higher GRAVY index scores (Fig. 2C; P < 2 X 107%9), indicat-
ing a preference for noncanonical peptides for antigen presentation
and recognition by T cells (28). A notable bias toward the usage of
small-molecular weight amino acids was observed within nonca-
nonical peptides (Fig. 2D; P < 2 x 107'9).

In addition, compared with canonical peptides, noncanonical pep-
tides generally contain more cysteine and tryptophan residues at each
position (Fig. 2E). The incorporation of tryptophan residues within
epitopes plays an important role in modulating the immunogenicity of
antigens. Owing to its highly hydrophobic nature and distinctive aro-
matic binuclear ring structure, tryptophan serves as a critical residue
in the design of vaccines and diagnostic reagents. Its unique physico-
chemical properties not only enhance antigen-antibody interactions
but also contribute to the stabilization of epitope structures, thereby
optimizing immune recognition and response (29). In contrast, the
canonical peptides presented acidic residues (that is, aspartate and
glutamate) at a higher frequency than did the noncanonical peptides
(Fig. 2E and fig. S5, A and B). We also examined the presentation levels
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of canonical and noncanonical peptides from various perspectives.
The binding stability was next inferred with NetMHCStabpan (v.1.0)
with default parameters (30). The binding of noncanonical peptides to
HLA-B alleles was more stable than that of canonical peptides (Fig.
2F), suggesting that HLA alleles are capable of presenting noncanoni-
cal peptides on the cell membrane through a series of transport pro-
cesses. Binding affinity was also assessed via NetMHCpan (v.4.1) (31),
MHCflurry (v2.0) (32), and MixMHCpred (v2.1) (33). We found that
noncanonical peptides that bind to HLA-B alleles were relatively close
(Fig. 2G and fig. S5, C and D). We also evaluated the probability of
peptides being recognized by TCRs with the multistate thermody-
namic model proposed recently (34). Our findings revealed a similar
distribution of probabilities between canonical and noncanonical pep-
tides (Fig. 2H), indicating the presence of noncanonical peptides that
can trigger a cytotoxic T cell response. Together, these findings suggest
that noncanonical peptides have comparable presentation levels, en-
rich the diversity, and extend the repertoire of tumor antigens.

HLA-presented peptides reflect cancer cell identity
To improve our understanding of the specificity of HLA-presented
peptides, we conducted a comprehensive dissection of sequence
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characteristics for peptides detected in cancerous and normal tis-
sues. First, we categorized peptides exclusive to tumor samples as
tumor peptides, whereas the remaining peptides were classified as
normal (Fig. 3A). Notably, approximately 73 and 58% of the pep-
tides were presented in only one cancer or normal tissue, respec-
tively. However, many peptides were present in several tumors and
normal tissues, accounting for 23.0 to 73.2% (median: 56.7%) and
53.5 t0 95.8% (median: 90.5%), respectively (Fig. 3B and fig. S6, A
and B). We next performed unsupervised clustering based on posi-
tion frequency vectors of peptides across all tumor and normal tis-
sues. We observed a clear separation between tumor and normal
tissues, with greater similarity observed among normal tissues than
among tumors (Fig. 3C, figs. S7A and S8A, and tagble S4). Further-
more, principal components analysis (PCA) confirmed this obser-
vation, revealing obvious differences in the HLA-presented peptides
across various tissue types (Fig. 3D and figs. S7B and S8B). We
also inspected motif shifts between tumor and normal peptides and
found that the motif “xExxxxxxx” was shared across normal tissues,
whereas the motif “xxxxxxxxK/R” was shared across tumors (fig. S9).

We next explored the usage of amino acids under different con-
ditions. As expected, tumor peptides presented a greater content of
positively charged residues (histidine, lysine, and arginine) than did
normal peptides. This observation may be attributed to the distinct
metabolic reprogramming of tumor cells, which often results in an
acidic tumor microenvironment, in contrast to the physiological
conditions of noncancerous cells (35, 36). Moreover, cysteine was
also enriched in eight types of cancer, highlighting the importance
of incorporating noncanonical antigens (Figs. 2E and 3E, and figs.
§7C and S8C). The amino acids exhibited notable differences at par-
ticular positions across various cancer types. For example, enrich-
ment of arginine was frequently observed at positions 2 and 9 in
AML, MG, and NHL (fig. S6C), indicating the presence of primary
anchors. The anchoring sites of peptides are critical for binding
to HLAs. Compared with normal peptides, tumor peptides tend to
use combinations of basic-basic amino acids (Fig. 3F). Conversely,
normal peptides exhibited the opposite bias, favoring acidic-acidic
dipeptide composition (DPC) (Fig. 3F and figs. S7D and S8D). In
particular, we found that cysteine-X and X-cysteine junctions were
prevalent across five cancer types, including CLL, NHL, OV, MG,
and CCRCC (fig. S6D). In addition, the biochemical properties of
HLA-presented peptides—such as GRAVY, net charge, and isoelec-
tric point (pI)—are crucial for their transport from the intracellular
environment to the cell surface (37). The tumor peptides presented
significant differences in their distributions of biochemical proper-
ties, characterized by low hydrophobicity, high net charge, and high
pI (Fig. 3G and figs. S7E and S8E; P < 2.2 x 107'°). These results
suggest that we can use the sequence features of peptides to reflect
cell identity, as these peptides display obvious differences in differ-
ent microenvironments.

Machine learning-based prioritization of

immunogenic neo-peptides

To accurately identify neo-peptides exclusively derived from tu-
mor cells, we developed a machine learning-based neoantigen
screening pipeline (MaNeo) guided by the collected immunopep-
tidomes (Fig. 4A). For each cancer type, we constructed machine
learning models against 29 normal tissues. In total, we generated
406 cancer- and tissue-specific models for each encoding mode
and two machine learning-based classifiers [Random forest (RF)
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and XGBoost], which were designed to prioritize the neo-peptides.
To assess the performance of MaNeo, we used multiple metrics, in-
cluding the area under the receiver operating characteristic curve
(AUROC), the area under the precision-recall curve (AUPRC), sen-
sitivity, specificity, precision, weighted F1 score, and balanced accu-
racy. The performance of different models based on diverse features
varied greatly, with the multicode model demonstrating superior re-
sults compared with the one-hot encoding approach, which in turn
outperformed the peptide to MHC binding energy covariance ma-
trices (PMBEC) model (Fig. 4B). All of these encodings were found
to be more effective than the Blosum62 method (Fig. 4B). Notably,
the multicode models exhibited high precision while maintaining high
recall, indicating their ability to identify true positives accurately. We
also calculated the standard deviations of model metrics and dem-
onstrated exceptional stability, with the maximum SD remaining
below 0.1 (fig. S10). Furthermore, the multicode models consistently
presented high and robust area under the curve (AUC) values, with
>99% of the models achieving AUROC values > 0.8 and aver-
ages of 0.880 for RF and 0.877 for XGBoost (Fig. 4B, fig. S11, and
table S5). Among the cancer types analyzed, BRCA exhibited the best
performance. Overall, we selected diverse combinations of embedding-
multicode to construct our MaNeo pipeline.

To better interpret the importance of features in the RF and
XGBoost classifiers, we quantified the contributions of various feature
modalities in determining the final score. We conducted a screening
process to identify the top 20 features with the highest contribu-
tions for each multicode model. We subsequently aggregated the
frequencies of these features across all the models and selected the
20 most prevalent feature vectors (fig. S12, A and B). We found that
the most important feature groups for RF and XGBoost stemmed from
PMBEC embedding, biochemical properties, and AAC (fig. S12, C
and D). The amino acids at positions 2 and 9, as anchor residues of
HLA molecules, are determinants of the binding process of HLAs with
peptides (38). A high weight was attributed to biochemical proper-
ties, indicating that subtle changes in the cellular microenviron-
ment might affect the process of antigen processing to peptides in
the proteasome (39). Because RF and XGBoost share many similar
high-contributing features, they differ in some aspects. In particu-
lar, XGBoost often assigns greater importance to one-hot encoding
than does RE These results suggested that MaNeo enables the cap-
ture of multiple-dimensional information from diverse feature groups
to help classification.

We demonstrated that MaNeo can screen neo-peptides when
trained with fivefold cross-validation against specific tumors. How-
ever, experimentally determining the neo-peptides derived from vari-
ous sources for patients involve extensive time, effort, and cost
expenses. To determine the minimum number of peptides required
for training to achieve good generalization performance, we com-
pared the performance of models trained on diverse subsets of pep-
tides. A given proportion of all peptides were randomly selected as
training data for each model, while the remaining peptides were
used for testing. Compared with models using all peptides for RF
and XGBoost, the average performance decreased only slightly by
0.009 and 0.008, respectively, in AUPRC when the model was
trained on 60% of the available peptides (Fig. 4C), respectively. We
further explored the generalization capabilities of MaNeo for novel
cancer types by screening all neo-peptides on an unseen tumor that
was reserved during training (leave-tumor-out). To gain insight into
peptide presentation between tumor and normal cells, we mixed all
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Fig. 4. Predicting neo-peptides within the HLA-presented peptides. (A) Schematic representation of MaNeo for the training and testing procedures used to develop
the predictive models. For each machine learning model, the hyperparameter was tuned with 5-fold cross-validation with three replicates. (B) Model performance was
assessed via various metrics (n = 406, Wilcoxon rank sum test), *P < 0.05, **P < 0.01, and ***P < 0.001. (C) Performance of the models when a smaller amount of training
data is used. (D) AUPRC curves for the different groups of tumors generated via the RF classifier. (E) Comparison of performance between the MaNeo and sCRAP algo-

rithms (n = 377, Wilcoxon rank sum test). ns, not significant.

the tumor and normal peptides to construct the pan-tumor-normal
model. For the pan-tumor-normal model, the performance for
RF was considerably better than that of XGBoost, with an average
AUPRC of 0.963 + 0.021 during classification (Fig. 4D and fig. S13).
These results suggest that MaNeo could be extended to other tumor
types by obtaining experimental data covering a broader range of
neo-peptides and learning their common sequence features.

Next, the model performance was compared against that of selec-
tive cross-reactive antigen presentation (SCRAP), which was proposed
to recognize unmutated neo-peptides as peptide-centric chimeric an-
tigen receptor T-Cell (CAR-T) targets (40). Our models significantly
outperformed sCRAP (P < 0.0001) with 1.4-,1.2-,1.4-, 1.3-,1.1-, 1.3,

Caietal, Sci. Adv. 11, eadv6445 (2025) 21 May 2025

and 1.4-fold improvements in the AUC, AUPRGC, sensitivity, specific-
ity, precision, weighted F1 score, and balanced accuracy, respectively
(Fig. 4E and fig. S14). This may be attributed to the fact that MaNeo
takes into account not only the sequence composition similarity but
also the biochemical characteristics. Together, the expansive, high-
quality data coupled with model training resulted in accurate predic-
tion of immunogenic neo-peptides for all profiled cancer types.

Validation of immunogenic neo-peptides in independent
cancer cohorts

Having demonstrated that our models can effectively identify
neo-peptides that are absent in normal tissues, we next explored the
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application of these models for prioritizing neo-peptides. In this pro-
cess, we identified immunogenic neo-peptides that bind to HLA
molecules and elicit adaptive immune responses. We hypothesized
that if peptides can be predicted as tumor peptides against more
normal tissues, they are more likely to be neo-peptides. To assess the
generalization ability of our models to prioritize immunogenic neo-
peptides within an independent dataset, we ranked and classified
each peptide on the basis of the predicted score and threshold of
the corresponding models (Fig. 5A). We eventually identified 2523
immunogenic neo-peptides, accounting for 0.08 to 0.32% of all
peptides per tumor, of which 1476 were canonical, and 1047 were
noncanonical (Fig. 5A and table S6).

We found that the source genes of immunogenic neo-peptides
were significantly enriched in oncogenic pathways, including the
mitotic spindle, G,-M checkpoint, and notch signaling pathways
(Fig. 5B and table S7). Although the majority of immunogenic neo-
peptides were patient specific, ~12.6 and ~5.9% of the canonical and
noncanonical immunogenic neo-peptides, respectively, were ob-
served in >2 samples (Fig. 5C). The immunogenic neo-peptides
present in at least five samples were identified and ranked accord-
ing to their immunogenic and tumor specificity scores. Last, 14
recurrent neo-peptides were identified across cancer types (Fig.
5D). Considering the number of samples in which the immunogen-
ic neo-peptides were present and their respective ranks, we priori-
tized three strong candidates for functional validations, including
“KLNIRPLLR,” “KLESVTRNR;” and “RLPQKPLHR” (Fig. 5D).

A potential concern about prioritized neo-peptides is whether
they are absent in nonmalignant cells. We thus examined the RNA and
protein expression of genes encoding three immunogenic neo-peptides
in solid tumors and healthy tissues. We found that EFTUD2,

NUP160, and AKNA presented variable but ubiquitous RNA expres-
sion patterns across various tissues (fig. S15). These observations sug-
gest that RNA transcript levels are not sufficient to represent both
translation and peptide levels. We next evaluated the abundance of
proteins that derived neo-peptides on the basis of proteome from
tumor cell lines and in-house heart tissues. We found that both
EFTUD2 and NUP160 were significantly up-regulated in tumor cell
lines, demonstrating their tumor-specific protein expression (fig. S16).
In addition, we used Western blot to detect the protein expression
levels of the parental proteins EFTUD2, NUP160, and AKNA. The re-
sults demonstrated that the protein expression levels of EFTUD2,
NUP160, and AKNA were greater in tumor cells (A375 and A549)
than in normal cells (AC16, THLE-2, Beas-2B, and HK-2) (fig. S17).
Last, we explored the immunopeptidome data used to identify ca-
nonical and noncanonical neo-peptides and demonstrated that these
peptides were tumor specific and absent in normal cells. All these
results indicate that the combination of immunomodome data is very
necessary for the identification of tumor neoantigens.

Functional validation of immunogenic neo-peptides

To demonstrate the immune reactivity of candidate neo-peptides, we
next evaluated the antitumor effects induced by neo-peptide-loaded
dendritic cells (DCs) through the activation of CD8™ T cells. Healthy
volunteers were recruited to collect peripheral blood, and flow cy-
tometry sorting technology was used to isolate DCs and CD8" T
cells from the peripheral blood. The purity of the isolated DCs was
greater than 90% and that of the isolated CD8" T cells was greater
than 80% (fig. S18). Phenotypically, we observed that subsequent to
neoantigen presentation, there was substantial stimulation of CD8"
T cell activation and up-regulation of the levels of two cytokines
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Fig. 5. Validation of MaNeo in independent cancer cohorts. (A) Schematic of the computational platform for the identification ofimmunogenic neo-peptides. (B) Gene
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[interferon-y (IFN-y) and tumor necrosis factor-a (TNF-a)] with
dose dependent (Fig. 6A). Moreover, the proliferation of CD8" T
cells stimulated by neo-peptide-loaded DCs (NP/DC-CD8™ T cells)
was significantly increased (Fig. 6B).

In addition, we also evaluated neo-peptide-specific T cell induc-
tion via flow cytometry using KLNIRPLLR, RLPQKPLHR, and
KLFSVTRNR tetramers along with CD8" T cell markers. Compared
with the control group, the KLNIRPLLR tetramer-binding CD8* T
cell population expanded from 0.64 to 14.0% of the total CD8* T
cells, the RLPQKPLHR tetramer-binding CD8"* T cell population
expanded from 0.64% to 13.1% of the total CD8" T cells, and the
KLFSVTRNR tetramer-binding CD8" T cell population expanded
from 0.64 to 12.4% of the total of CD8" T cells (Fig. 6C). We further
confirmed that, compared with those in the control group of CD8"
T cells stimulated with DCs without neo-peptides (no peptide)
loading, the neo-peptides enhanced the immune function of NP/
DC-CD8" T cells against tumor cells (Fig. 6D; A375 and A549). In
contrast, these neo-peptides did not significantly affect human
cardiomyocytes (AC16), human hepatocytes (THLE-2), human
bronchial epithelial cells (Beas-2B), or human renal epithelial cells
(HK-2) (Fig. 6D). These findings indicate that the candidate neo-
peptides can trigger tumor immune response to eliminate tumors
but has no cytotoxic effect on normal cells. These results further
demonstrate that MaNeo, trained on large-scale immunopeptidome
datasets, exhibited robust generalization capabilities and yielded highly
accurate results when it was applied to independent cancer cohorts.

ISE: An immunogenic search engine for

personalized immunotherapy

To help researchers apply the MaNeo pipeline described here to tu-
mors of interest, we developed a user-friendly immunogenic search
engine, ISE (www.bio-bigdata.com.cn/ISE/index/), for neoantigen
prioritization. Users can select the cancer and model of interest and
then upload a list of candidate amino acid sequences. After success-
fully submitting the required input files, users can directly obtain
real-time analysis results on the right side of the page. The time de-
pends on the input file size and internet speed. ISE can predict
whether the peptide of interest is immunogenic or not in particu-
lar cancer. All the data generated can be downloaded for further
analysis, and the query results are shown in a user-friendly way. ISE
should serve as a guide for biologists interested in identifying the
immunogenicity of candidate peptides.

DISCUSSION

The identification of neoantigens is becoming increasingly impor-
tant for the development of novel immunotherapies for cancer. Most
of the existing neoantigen prediction algorithms—such as NMER
model (27), personalized Variant Antigens by Cancer Sequencing
(pVACseq) (41), and pTuneos (42)—focus primarily on mutation-
derived peptides. These algorithms rely on genomic and tran-
scriptomic data to identify tumor-specific mutations and generate
candidate peptides. Although these algorithms have been instru-
mental in advancing the field, they inherently limit the scope of neo-
antigen discovery, particularly for antigens derived from noncoding
regions of protein-coding genes and noncoding RNAs. Recent ef-
forts have shifted toward the exploration of aberrantly expressed
neoantigens. For example, several methods—such as sSCARP (40),
k-depl. (14), and BamQuery (6)—have been developed to screen

Caietal, Sci. Adv. 11, eadv6445 (2025) 21 May 2025

neoantigens on the basis of expression levels of the RNA transcripts
encoding them. However, a notable limitation of transcriptome-
based approaches is that they are insufficient for directly identifying
translated ORFs or accurately reflecting the expression levels of pep-
tides presented by HLA alleles in vivo. In this study, we generated a
comprehensive atlas of neoantigens by combining a coordinated
large-scale analysis multiple types of omics data from different tu-
mor and normal tissues. The integration of the immunopeptidome
can help to identify ORFs that are likely to be translated into pep-
tides. Furthermore, mass spectrometry-based immunopeptidomics
allows for the direct identification of peptide sequences presented
on the cell surface by MHC molecules. By combining multiple
omics datasets and computational pipelines, we will provide a more
accurate representation of the actual peptide repertoire available for
immune surveillance.

Characterization of presentation levels is crucial for understand-
ing the diversity of peptides that can be recognized by the immune
system (43). We discovered that noncanonical peptides outper-
formed canonical peptides in some aspects. For example, HLA-B
alleles tend to bind noncanonical peptides in a closer and more sta-
ble manner. The noncanonical peptides exhibited a preference for
recognition by T cells. In addition, cysteine was enriched in the
noncanonical peptides, but it was underrepresented in canonical
peptides (44). We believe that noncanonical peptides have compa-
rable potential as targets for cancer immunotherapy. In contrast to
that of noncancerous cells, the metabolism of tumor cells leads to a
tumor microenvironment that is commonly acidic (35, 36). We hy-
pothesized that difference in the microenvironment result in abnor-
malities in HLA-presented peptides. We classified the peptides into
distinct groups: tumor peptides and normal peptides. Our aim was
to scrutinize and identify any significant differences between two
sets of peptides. To achieve this goal, we harnessed a series of dis-
tinctive features and characteristics inherent to each peptide. PCA
revealed notable differences in HLA-presented peptides across vari-
ous tissue types. Compared with normal tissues, tumor peptides had
a higher content of positively charged residues, with cysteine en-
riched in eight cancer types. Specific amino acid positions showed
significant differences, with arginine enrichment at positions 2 and 9
in particular cancers, suggesting primary anchors. A previous study
revealed that HLA-presented peptides exhibited strong preferences
for basic residues at anchor positions (45). Tumor peptides often use
basic-basic amino acid combinations, whereas normal peptides pre-
fer acidic-acidic combinations. Cysteine-X and X-cysteine junc-
tions were common in five cancer types. The biochemical properties
of HLA-presented peptides—including GRAVY, net charge, and
pl—differ significantly between tumor and normal peptides, with
tumors characterized by low hydrophobicity, high net charge, and
high pI. These results indicate that subtle changes in the cellular mi-
croenvironment influence differences in HLA-presented antigens,
which in turn reflect cell identity (26).

Functionally validation of all the peptides by experimental
methods is often expensive, labor-intensive and time-consuming.
Leveraging these identified features, we proceeded to develop and
construct a sophisticated computational pipeline named MaNeo to
facilitate the prioritization of neo-peptides, which have the potential
to serve as highly effective targets for immunotherapy treatments.
MaNeo exhibited high precision and recall, indicating accurate iden-
tification of true positives. We demonstrated the stability of MaNeo
by extracting different proportions of training set samples and
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Fig. 6. In vitro validation of neoantigens for tumors. (A) Activation assay (IFN-y and TNF-a enzyme-linked immunosorbent assay) for NP/DC-CD8* T cells and no peptide.
n=3[means + SD; ordinary one-way analysis of variance (ANOVA) followed by Dunnett’s multiple comparisons test]. (B) CCK-8 assay for NP/DC-CD8* T, n = 3 (means + SD;
ordinary one-way ANOVA followed by Dunnett’s multiple comparisons test). (C) CD8™ T cells from healthy individuals stained with KLNIRPLLR, RLPQKPLHR, and KLFS-
VTRNR tetramers. (D) Cytotoxicity assay for tumor cells (A375: human malignant melanoma line, A549: human NSCLC cancer cell line) and other tissue cells (AC16, THLE-2,
Beas-2B, and HK-2). n = 3 (means + SD; ordinary two-way ANOVA followed by Tukey’s multiple comparisons test).
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leave-one-out method. Even when trained on 60% of the peptides,
the average performance of MaNeo slightly decreased by 0.009 and
0.008 in AUPRC for RF and XGBoost, respectively. MaNeo was then
tested on an independent tumor to assess its ability to generalize to
new cancer types, showing that it could be applied to other tumors
by learning common sequence features. The pan-tumor-normal mod-
el performed better with RF than XGBoost did, achieving an aver-
age AUPRC of 0.963 + 0.021. The performance of MaNeo was also
significantly better than that of the recently developed sCRAP (40),
with improvements in various metrics. These results suggest that
MaNeo considers both sequence similarity and biochemical charac-
teristics, which leads to accurate predictions of immunogenic neo-
peptides across different cancer types.

In independent valid cancer cohorts, we identified 2523 immu-
nogenic neo-peptides, which accounted for 0.08 to 0.32% of all pep-
tides per tumor, with 1476 being canonical and 1047 noncanonical.
These neo-peptides are enriched in oncogenic pathways. While most
neo-peptides were unique to the samples, several were observed in
multiple samples. We identified 14 recurrent peptides and validated
three of them in cancer cell lines. Notably, they are capable of trig-
gering T cell responses and proliferation. Tetramer binding assay
further confirmed that all three neo-peptides were specifically rec-
ognized by CD8" T cell surface TCRs. In particular, the tetramer
bound to the KLNIRPLLR peptide displayed the optimal specific
binding affinity toward CD8" T cells. In addition, T cells activated
by neo-peptides can eliminate cancer cell lines without damaging
healthy cells from the heart, liver, lung, or kidney. Overall, these
results provide further evidence that MaNeo can facilitate the iden-
tification of immunogenic neo-peptides in various tumors. Last, we
created a user-friendly webserver, ISE, to assist clinical researchers
in applying MaNeo to screen neo-peptides as potential immuno-
therapeutic targets.

Some limitations still need to be addressed in future studies. The
discovery of personalized antigens, which depend on peptide pre-
sentation on cancer cells by HLA-T and HLA-IJ, is essential for the
development of cancer vaccines and T cell therapies (45, 46). How-
ever, the present study only effectively integrates data from the
HLA-I immunopeptidome and constructs a pipeline to accurately
identify and prioritize HLA-I-presented neoantigens, lacking the
exploration of HLA-II-presented neoantigens. Furthermore, with
the increase in the number of matched Ribo-seq data with im-
munopeptidome cohorts, we can use additional large-scale Ribo-
seq data to uncover translated neoantigens, which can increase
our capacity to identify translation in transcripts that are ex-
tremely sample specific. In conclusion, our study demonstrated the
immunopeptidomics-guided discovery and characterization of neo-
antigens for personalized cancer immunotherapy.

MATERIALS AND METHODS

MS-based immunopeptidome data collection and analyses
We collected immunopeptidomic datasets from available public da-
tabases to find and quantify all HLA-presented peptides on the cell
surface, encompassing 14 cancer types and 29 healthy tissues (table
S1). The information on the HLA alleles of the samples was re-
trieved from the corresponding studies. In these datasets, samples
were lysed from human tissue or cells, HLA-I-peptide complexes
were immunoaffinity purified via pan-HLA-I antibodies (w6/32),
and peptides were directly eluted from purified HLA-molecules
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with acid treatment. The eluted peptides were desalted and concen-
trated to remove acidic buffers and other impurities. Last, the iso-
lated peptides were subjected to MS analysis.

The canonical human proteome reviewed with Swiss-Prot was
obtained from the UniProt database (downloaded in February 2022).
To expand the repertoire of HLA-I peptides derived from nonca-
nonical sources, we acquired an in-house customized noncanon-
ical theory library from IEAtlas (47). In addition to the constructed
proteome reference, the corresponding raw files were searched
via MaxQuant (v.2.1.0.0) with a maximum allowed precursor mass
tolerance of 20 parts per million. Peptide length was restricted to
between 8 and 12 amino acids. No fixed modifications were ap-
plied, whereas methionine oxidation and N-terminal acetylation
were used as variable modifications. The enzyme specificity was set to
unspecific. To reduce false-positive identifications, a peptide spec-
trum match false discovery rate of 0.05 was set. The “match between
runs” option was enabled with default parameters. For the anno-
tation of identified peptides, if a peptide matched multiple hits,
then we mapped the peptides in the following priority order:
canonical, 5" overlap uORE 5’ uOREF, out-of-frame, 3’ overlap dORF,
3’ dORE, IncRNA, pseudogene, and “other” ORFs (48, 49). We de-
tected 70,270 and 389,165 unique noncanonical and canonical pep-
tides, respectively. Peptides that were exclusive to tumor tissues
were classified as tumor peptides, whereas the remaining peptides,
which arose as by-products of normal proliferative programs, were
regarded as normal peptides, potentially triggering unintended off-
target effects.

MaNeo: Machine learning-based models for

neoantigen prioritization

Machine learning models have been established to predict the likeli-
hood that a given peptide will be tumor specific or presented on the
surface of normal cells. To construct models that are tumor and nor-
mal tissue specific, positive and negative training consisted of MS-
identified tumor and normal peptides in specific cancer and normal
tissues, respectively. This process was performed for each combina-
tion of the 14 cancer types and 29 normal tissues. Because our data-
sets are unbalanced, we used stratified cross-validation to ensure
that we had a similar proportion of positive and negative peptides in
both the training and test sets. Model training was conducted in a
three times fivefold cross-validation setting with different model
initialization random seeds; during each cross-validation iteration,
the training data were split into five equal parts, four parts were used
to train the model, and the remaining one was used for evaluation.
We exploited the average of the three initializations as the final
prediction score for a given peptide. The RF and XGBoost models
were trained via the “RandomForestClassifier” and “XGBClassifier”
functions of the Sklearn Python library.

Four different models were trained with four different embeds of
the peptide sequence: (i) one-hot binary encoding, (ii) similarity encod-
ing via the PMBEC matrix, (iii) similarity encoding via the blosum62
matrix, and (iv) combining the above three encoding methods into
multicode encoding. For encoding features of non-9-nucleotide
oligomer peptides, all peptides were collapsed/padded to length of 9
to correct the discrepancies in length, where the 8-nucleotide oligo-
mer peptides duplicated the seventh position and the other skipped
positions 8 until the C -1 residue (8, 50). In addition to encoding
features of the peptide sequences, the MaNeo models incorporated
the following features: (i) amino acid properties, including AAC and
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DPC for 20 standard amino acids present in the peptide sequence,
which formed a 420-dimensional feature vector, and (ii) peptide-level
characteristics, the three-dimensional feature vector of biochemical
properties [pl, net charge, and average hydrophobicity (GRAVY)],
were included to reflect the microenvironment changes outside the
tumor and normal cells (35, 36).

Model performance evaluation

To evaluate model performance, multiple metrics—including the
AUROC, AUPRC, balanced accuracy, weighted F1-score, sensi-
tivity, specificity, and precision—were employed to quantify the
predictive power of the models. We applied the function “coords”
of the R package “pROC” (v.1.18.4) to determine the optimal
threshold for the tumor-specific prediction score calculated by
the model against each combination of the cancer type and nor-
mal tissue.

The MSV000082648 dataset was obtained from the MassIVE
database as a validation set, including 37 patients with non-small
cell lung cancer (NSCLC), 12 patients with colon adenocarcinoma
(COAD), 6 patients with OV, 2 patients with SKCM, and 1 patient
with BRCA. We exploited Comet (51) to search each spectrum against
a customized protein database and further annotated the types of
identified peptides. The peptide predicted to be a tumor peptide in
all models aimed at the cancer where the peptide was identified was
retained. Next, an “AND” logic gate for the RF and XGBoost clas-
sifiers was used to screen neo-peptides. Last, we evaluated the
immunogenicity of the neo-peptides via NetMHCpan (v.4.1), Net-
MHCStabPan (v.1.0), and foreignness. The neo-peptide with a bind-
ing affinity < 500 nM, binding stability > 1.4 hours, and foreignness
> 107" was reserved as an immunogenic neo-peptide. We ranked
the immunogenic neo-peptides according to their model predicted
scores and immunogenic metrics.

Feature importance estimation

To explain the XGBoost model predictions, we measured the contri-
bution of each feature to the prediction results via the function “Ex-
plainer” of the Shapley Additive explanation (SHAP) Python library.
We selected the top 20 features by mean SHAP absolute values and
ordered them on the basis of contribution. For the RF classifier, fea-
ture importance was calculated via the feature_importances output
of the RandomForestClassifier function. The top 20 features were
filtered by feature importance.

Sequence similarity estimation between cancers and

normal tissues

To measure the similarity among cancer types and normal tissues,
we computed position frequency matrices for HLA-presented pep-
tides and converted them into 180-dimensional vectors. The pair-
wise correlations of these frequency vectors were used to calculate
the Euclidean distance followed by hierarchical clustering. In addi-
tion, we performed PCA for the frequency vectors to distinguish
tumors from normal tissues.

RNA expression analyses of antigen-related genes

To facilitate comparisons among TCGA datasets and distinct tis-
sues in GTEx, expression quantification across transcript isoforms
was uniformed transcripts per million units. For GTEx, we aver-
aged expression for each tissue and retained the genes whose tran-
scripts per million < 1 (52). For the TCGA analysis, we acquired
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151 AML samples, 1,104 BRCA samples with 113 matched healthy
breast tissue samples, 379 OV samples, 471 COAD samples with 41
matched healthy colon tissue samples, 168 GBM samples with five
matched healthy brain tissue samples, 1,027 NSCLC samples with
172 matched healthy lung tissue samples, and 535 CCRCC samples
with 72 matched healthy kidney tissue samples and SKCM sam-
ples. The genes were further filtered on the basis of the antigen
parent transcript expression across different cancer types in the
TCGA, where the mean expression of TCGA samples was re-
quired to be at least twice or greater than the average level detected
in any GTEx tissue.

Peptides

Peptides (KLNIRPLLR, RLPQKPLHR, and KLFSVTRNR) with
purities greater than 85% were purchased from Go Top Peptide
Biotech Co., Ltd. The peptide was synthesized with a custom-built
rapid-flow automated peptide synthesizer as previously described
(53). The lyophilized peptides were diluted to 500 ng/ml in deion-
ized water and stored at —20°C. Purified DCs and CD8" T cells
were used in the peptide loading assay. For the test group, peptide
was added at final concentrations of 0.5, 5, 50, and 500 ng/ml,
while for the control group, the same volume of deionized water

was added.

Cell lines

The cell lines employed in this study were provided by the De-
partment of Pharmacology of Harbin Medical University and
have all undergone STR identification. The A375, Beas-2B, and
AC16 cell lines were maintained in Dulbecco’s modified Eagle’s
medium (DMEM) (Gibco, catalog no. 11995065, USA) media,
supplemented with 10% fetal bovine serum (FBS) (VivaCell, catalog
no. C04001-500, China) and 1% penicillin-streptomycin (Meilunbio,
catalog no. MA0110, China). The THLE-2 and HK-2 cell lines
were cultured in DMEM/F-12K (Gibco, catalog no. 11320033, USA)
supplemented with 10% FBS and 1% penicillin-streptomycin.
The A549 cell line was cultured in Ham’s F-12 K (Gibco, catalog
no. 21127022, USA) media supplemented with 10% FBS and 1%
penicillin-streptomycin. All the cultures were maintained in hu-
midified cell incubators at 37°C with 5% CO; and were routinely
tested for mycoplasma contamination.

Western blot

Protein extraction from A549, A375, AC16, Beas-2B, THLE-2, and
HK-2 cells was performed using a cell lysate prepared with radio-
immunoprecipitation assay lysis buffer, phosphatase inhibitor, and
protease inhibitor at a 100:1:1 ratio. The protein concentration was
quantified via a BCA kit (Beyotime, catalog no. P0011, China) ac-
cording to the manufacturer’s protocol. Total cellular proteins were
electrophoresed on 8% SDS-polyacrylamide gel electrophoresis at
110 V and then transferred to a nitrocellulose membrane (NC) at
300 mA. The NC membrane was blocked with rapid-blocking so-
lution (Beyotime, catalog no. P0252, China) and incubated over-
night at 4°C with primary antibodies against EFTUD?2 (Proteintech,
catalog no. 10208-1-AP, USA), NUP160 (Proteintech, catalog no.
16084-1-AP, USA), AKNA (Proteintech, catalog no. 23785-1-AP,
USA), and fB-actin (Proteintech, catalog no. 20536-1-AP, USA),
followed by a 50-min incubation with secondary antibodies at
room temperature. The process was finalized by chemilumines-
cence imaging.
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T cell and DCisolation

Human peripheral blood mononuclear cells (PBMCs) were obtained
from the whole blood of consenting healthy volunteers. This study
was conducted in accordance with the Declaration of Helsinki and
approved by the ethics committee of Harbin Medical University (eth-
ics no. IRB5099724). All the volunteers agreed to participate in this
study with written informed consent. T cells were isolated with modi-
fications as previously described (54), with modifications. In brief,
after the blood was mixed 1:1 with phosphate-buffered saline (PBS),
the diluted whole blood was overlaid on top of Ficoll-Paque PLUS
(Cytiva, catalog n0.17144002, USA) before density gradient centrifu-
gation (centrifugation at 400g for 30 min). The isolated PBMCs were
washed with PBS-buffered twice (centrifugation at 400g for 15 min).
PBMC:s were cultured for 5 hours in RPMI 1640 medium (Gibco, catalog
n0.11875093, USA) supplemented with 10% FBS (VivaCell, catalog
n0.C04001-500, China) and 1% penicillin-streptomycin (Meilunbio,
catalog n0.MAO0110, China) followed by rinsing with PBS to re-
move non-adherent cells, thereby obtaining monocytes. The mono-
cytes were cultured in RPMI 1640 complete medium supplemented
with recombinant human interleukin-4 (IL-4) (50 ng/ml; PerproTech,
catalog no. 200-04-20UG, USA) and granulocyte-macrophage colony-
stimulating factor (100 ng/ml; PerproTech, catalog no. 300-03-20UG,
USA) to induce the maturation of DCs. Similarly, monocytes were
cultured in RPMI 1640 complete medium supplemented with recom-
binant human IL-2 (50 ng/ml; PerproTech, catalog no. 200-02-50UG,
USA) and lipopolysaccharide (10 ng/ml; Solarbio, catalog no. L8880,
China) to induce the maturation of T cells.

Purification of CD8* T cells and DCs

CD8* T cells and DCs purified populations were ascertained by flow
cytometry. The following anti-human monoclonal antibodies were used
for T cells surface staining: CD3-fluorescein isothiocyanate (FITC)
(BioLegend, catalog no. 300406, USA) and CD8a-allophycocyanin
(BioLegend, catalog no. 300912, USA). The following anti-human mono-
clonal antibodies were used for DCs surface staining: HLA-DR-
phycoerythrin (BioLegend, catalog no. 307606, USA) and CD11c-APC
(BioLegend, catalog no. 301614, USA). The cell samples were sorted
via fluorescence-activated cell sorting (FACS) (Beckman Coulter,
MoFlo XDP, USA), and the data were analyzed with Flow]Jo software.
The sorted cells were used for subsequent experiments.

ELISA assays

Purified DCs were seeded in 24-well flat bottom plates (5 x 10° cells
in 500 pl of RPMI 1640 complete medium) and incubated with
neo-peptides (KLNIRPLLR, RLPQKPLHR, and KLESVTRNR) for
3 days to obtain mature DCs loaded with the neo-peptides. The
neo-peptide-loaded DCs were cocultured with activated T cells at a
ratio of 1:10 for 2 days, followed by restimulation with neo-peptides.
These restimulated CD8" T cells were used for subsequent enzyme-
linked immunosorbent assay (ELISA) assays. IFN-y and TNF-o were
measured using by Elabscience ELISA kit performed according to
the manufacturer’s instructions (IFN-y ELISA Kit, Elabscience, catalog
no. E-EL-H0108, China) (TNF-a ELISA Kit, Elabscience, catalog no.
E-EL-HO0109, China).

CCK-8 assay

The restimulated CD8" T cells were added to a 96-well plate at a con-
centration of 1 x 10* cells per 100 pl. Then, 10 pl of Cell Counting
Kit-8 (CCK-8) solution (New Cell & Molecular Biotech, C6005,
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China) was added to each well. The plate was incubated in a cell
culture incubator for 3 hours, and the plate was read at 450 nm
with a multifunctional microplate reader (Aglient, BioTek Synergy
HTX, China).

Cytotoxicity assay

The cytotoxicity assay was performed with modifications as previ-
ously described (55). In brief, purified DCs were seeded in 24-well flat
bottom plates (5 x 10 cells). For the neo-peptides (KLNIRPLLR,
RLPQKPLHR, and KLESVTRNR) groups, the DCs were incubated
with neo-peptides (KLNIRPLLR, RLPQKPLHR, KLESVTRNR)
for 3 days to obtain mature DCs loaded with the neo-peptides. The
neo-peptide-loaded DCs were co-cultured with activated CD8"
T cells at a ratio of 1:10 for 2 days, followed by restimulation with
neo-peptides. For the control group, purified DCs were directly co-
cultured with CD8" T cells at a ratio of 1:10 for 2 days. Resuspend
the CD8" T cells in the above-mentioned groups with tumor cells
(A549 and A375) or other somatic cells (Beas-2B, AC16, THLE-2,
and HK-2) at a ratio of 5:1 (56). The mixed cells were subsequently
seeded into a 24-well plate and cultured for 3 days. After 3 days, the
culture medium and suspended T cells were removed, and the ad-
herent tumor cells were subsequently stained with the Calcein AM/
PI Double Staining Kit (Elabscience, E-CK-A354, China). Confocal
laser microscopy (Olympus, catalog no. 0972818, Japan) was used to
obtain images. Image]J software was used to count and calculate the
proportion of dead cells.

Tetramer assembly and staining

The tetramer assembly and staining experiment was performed as
previously described with appropriate modifications (57). Accord-
ing to the manufacturer’s instructions, the LEGEND MAX Flex-T
Human Class I Peptide Exchange ELISA Kit (BioLegend, catalog
n0.447207, USA) was used to detect the affinity between the HLA
class I a-chain/p2-microglobulin and immunogenic neo-peptides
(KLNIRPLLR, RLPQKPLHR, and KLESVTRNR). Peptide-MHC
tetramers were produced via the ultraviolet-irradiation-mediated
peptide exchange method. CD8" T cell sorting was performed as
previously described. The cells were collected, washed, resuspended
in FACS buffer, and stained with fluorescent dye conjugated anti-
bodies for 15 min at 4°C. CD3-FITC (BioLegend, catalog n0.300406,
USA), CD8a-APC (BioLegend, catalog n0.300912, USA), and Flex-
T HLA-A*03:01 Monomer UVX (BioLegend, catalog no. 280005;
0.05 pg/1 x 10° cells) were used. After being washed twice in FACS
buffer, the cells were analyzed via a FACS (Apogee, Micro Plus, UK),
and the data were analyzed with FlowJo software.

Webserver implementation

The webserver-backed server was constructed with Django (version
4.2.14). The web frontend was implemented with Hyper Text Markup
Language and Cascading Style Sheets, incorporating jQuery (ver-
sion 3.7.1) and Datatable (v.2.1.8) plugins for the visualization of
result tables. Statistical analyses were conducted via Python version
3.6.8. The ISE underwent testing across several popular web browsers,
with a preference for Google Chrome, followed by Firefox and
Apple Safari.

Statistical analyses
All the statistical analyses were conducted with R software (v.4.1.2).
P values for the comparisons were calculated between two groups
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with Wilcoxon signed-rank tests. Spearman correlation was used
to investigate the correlation coefficients and raw P values between
features measured on a continuous scale. We used the R package
“ggseqlogo” to identify motifs under the background of diverse tu-
mor and normal tissues. Enrichment analysis was performed via the
R packages “clusterProfiler” (v.4.2.2), and reference gene sets were
obtained from the HALLMARK pathways in MSigDB.
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